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DEAD WOOD AND DECOMPOSITION IN A TROPICAL FOREST: 
VERTICAL PATTERNS, LONG-TERM PROCESSES, AND THE ROLE OF LIGHTNING 
Evan M. Gora 
April 26, 2018 
 This dissertation investigates the distribution, production, and decomposition of 
dead wood (or woody debris) in a lowland tropical forest within the Barro Colorado 
Nature Monument in Panama.  Although the importance of woody debris is widely 
accepted, information describing components of WD pools and fluxes is generally 
separated in both time and space, particularly in understudied tropical forests.  Here I 
provide a comprehensive inventory of woody debris in a lowland tropical forest (Chapter 
1).  Woody debris is highly aggregated and difficult to quantify, and this study 
demonstrates that historic estimates of woody debris pools and fluxes underestimate 
their uncertainty.  In a separate collaboration, I quantified how soil nutrient availability 
regulates wood decomposition using a 15-year litter manipulation experiment (Chapter 
2).  Wood decomposition rates decreased with reduced nutrient availability in the litter 
removal treatments, but did not change relative to controls in the litter addition 
vi 
 
treatments.  The first chapter also showed that ca. 50% of woody debris stocks were not 
in contact with the ground; however, information regarding the factors that regulate 
wood decomposition comes exclusively from the forest floor.  Consequently, I quantified 
differences in decomposition rates, microclimate, and microbial community structure 
(prokaryotes and fungi) along a vertical gradient from the ground and the canopy of this 
tropical forest (Chapter 3).  Decomposition rates varied predictably based on 
microclimate conditions and fungal composition along this vertical gradient.  
Decomposition rates also vary substantially with species-specific wood traits, and thus 
the relative contributions of each tree species to woody debris inputs is important to 
carbon cycling.  Large trees contribute disproportionately to dead wood pools and 
lightning is one of the primary agents of large tree mortality in tropical forests.  I used 
empirical measurements of tree electrical properties and lightning characteristics to 
model lightning damage parameters (heating and power) for trees of different species 
and size classes (Chapter 4).  These damage parameters differ substantially among 
species, suggesting that increased lightning frequency will change inputs of woody 
debris.  These studies improve our understanding of woody debris dynamics and tropical 
forest carbon cycling so that we can better predict future patterns in a changing world.
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 Tropical forests influence global carbon dynamics more than any other terrestrial 
biome.  These forests contain 25% of terrestrial biomass and account for c. 40% of the 
terrestrial carbon sink (Feldpausch et al., 2012; Pan et al., 2011).   Wood is particularly 
important to the role these forests play in carbon cycling as the majority of aboveground 
carbon in tropical forests is sequestered in wood (Rice et al., 2004) and this carbon is 
released via the decomposition of woody debris.  Indeed, actively decomposing woody 
debris accounts for as much as 20% of above-ground carbon and 15% of CO2 emissions 
in tropical forests (Chambers et al., 2004; Palace, Keller, and Silva, 2008; Rice et al., 
2004). 
 Dead wood also is crucial as a habitat and food resource for a variety of forest 
taxa (reviewed by Harmon et al. 1986).  Detritivores, such as fungi and invertebrates, 
rely on woody debris as a source of nutrition.  These decomposers serve as prey items for 
many primary consumers, some of which inhabit woody debris alongside their prey.  
Apart from organisms that directly and indirectly rely on woody debris for food, a 
number of other animals (e.g., birds and mammals) nest within woody debris as a key 
part of their life history.  Ultimately, a tremendous diversity of organisms use dead wood 
during the lifespan and thus the amount and distribution of woody debris is important to 
their ecology. 
 Although many aspects of woody debris have been quantified (reviewed by Palace 
et al. 2012), relevant information is recorded at coarse scales and is generally separated 
in both time and space.  Woody debris is typically recorded in two size classes 
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(coarse or fine) and three methodologically-derived groupings called “pools:” 1) downed 
woody debris, 2) standing woody debris (i.e., standing dead trees), and 3) suspended 
woody debris (Swift et al. 1976, Harmon and Sexton 1996).  The relevance of these pools 
to the function of woody debris (e.g., decomposition rate or habitat characteristics) 
remains unclear.  Wood traits also are important to decomposition rates (Cornwell et al. 
2009, Zanne et al. 2015), yet factors related to these traits, such as tree species and wood 
types (e.g., liana wood or tree trunk wood), are rarely recorded.  To understand woody 
debris dynamics and develop proper sampling procedures, it also is necessary to quantify 
patterns of aggregation and variation for all types of woody debris stocks and fluxes (Kral 
et al. 2014).  
 The distribution of dead wood is also important to our understanding of 
decomposition and carbon cycling.  Models of global carbon cycling rely on the 
contemporary understanding of wood decomposition across multiple spatial scales 
(Adair et al. 2008, Bradford et al. 2014).  It is widely accepted that abiotic factors control 
decomposition at continental scales, whereas biotic factors (wood traits and decomposer 
organisms) regulate decomposition at smaller spatial scales (Parton et al. 2007, Adair et 
al. 2008, Cornwell et al. 2009, Bradford et al. 2014, Zanne et al. 2015).  However, 
evidence for these patterns comes almost entirely from measurements of ground-level 
decomposition whereas, at any given time, approximately half of all dead wood is 
decomposing above the forest floor (Ovington and Madgwick 1959, Christensen 1977, see 
Chapter 1).  Consequently, our understanding of the factors that regulate wood 
decomposition locally is incomplete. 
 Patterns of woody debris inputs (i.e., tree and branch death) ultimately 
determine the ecosystem-wide distribution of wood traits that regulate rates of 
decomposition (Cornwell et al. 2009, Cornelissen et al. 2012).  Large trees are 
disproportionately important to carbon cycling (Carlson et al. 2017) and lightning is one 
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of the primary agents of large tree mortality in tropical forests (Yanoviak and Gora, 
unpublished data).  Consequently, tree species that are more frequently killed by 
lightning likely contribute greater amounts of necromass to woody debris pools and 
fluxes.  If lightning frequency increases as projected (Williams 2005, Romps et al. 2014), 
then the canopy trees that are particularly susceptible to lightning, such as those with 
high electrical resistivity (Gora and Yanoviak 2015), will become disproportionately 
represented in pools of woody debris.  It is important to quantify these patterns now so 
that it is possible to project future patterns of tree mortality and carbon sequestration. 
ORGANIZATION OF THE DISSERTATION 
 This dissertation explores the spatiotemporal distribution of woody debris and 
quantifies factors that regulate the production and decomposition of dead wood.  The 
second chapter includes the most comprehensive inventory of woody debris in tropical 
forests to date.  The third chapter quantifies the role of nutrient limitation during long-
term wood decomposition (15 years) in a litter manipulation experiment.  The fourth 
chapter investigates the relative importance of microbial community structure and 
microclimate to wood decomposition along a vertical gradient from the ground to the 
canopy within a tropical forest.  The fifth chapter uses empirically collected electrical 
data to model the interactions between lightning strikes and trees to shed light on factors 
related to wood production.  Finally, chapter six summarizes the findings from these 
projects and explores their implications.  Collectively, the investigations described in 
these chapters make major contributions to our understanding of microbial community 




LONG-TERM STOCKS, FLUXES, AND SPATIOTEMPORAL VARIABILITY OF DEAD 




 Carbon cycling models rely on accurate and precise estimates of dead wood 
stocks and fluxes, particularly in tropical forests that disproportionately influence carbon 
cycling.  However, information describing tropical woody debris (WD) is limited.  Here 
we conducted the first comprehensive assessment of WD stocks – downed, standing, and 
suspended WD – and quantify fluxes, input sources, and spatiotemporal variability over 
eight years in a neotropical forest (Panama).  We also quantified key components of 
carbon cycling models (e.g., branchfall, liana necromass) and the elevated portion of 
downed WD.  Downed WD constituted the majority of total wood stocks, the 
contributions of suspended WD (1%) and liana wood (2%) were negligible, and 
branchfall composed only 17% of total downed WD.  However, when considering the 
elevated sections of downed WD, the majority of WD inputs and ca. 50% of WD stocks 
were above the forest floor.  Carbon cycling models and the contemporary understanding 
of wood decomposition are based exclusively on ground-level decomposition, and thus 
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overlook this suspended fraction.  Using >100 km of transects and >100 ha of plots, we 
calculated the sampling efforts necessary to precisely estimate WD stocks and fluxes 
(>130 km for downed CWD and >500ha for standing CWD).  Most previous sampling 
efforts are far below these thresholds indicating that existing WD estimates are likely 
inaccurate and their uncertainty is chronically underestimated.  This is a major problem 
because these estimates are important parameters of global carbon inventories and 
carbon cycling models.  Consequently, large-scale forest inventories and investigations 
into the processes that regulate decomposition above the forest floor are necessary to 
improve our understanding of carbon cycling. 
 
INTRODUCTION 
 Tropical forests are currently the largest terrestrial carbon sink (Pan et al. 2011) 
with most of their aboveground carbon stored in woody tissues.  After wood dies, it 
serves a tremendous variety of ecological roles (reviewed by Harmon et al. 1986) and 
functions as both a carbon sink (20-40% of aboveground carbon) and source (ca. 15% of 
total respiration; Harmon and Sexton 1996, Brown 1997, Keller et al. 2004, Palace et al. 
2007, Palace et al. 2008).  Although many aspects of woody debris (WD) are well 
described (reviewed by Palace et al. 2012), information describing components of WD 
pools and fluxes is generally separated in both time and space.  Consequently, the spatial 
and temporal distribution of WD remains poorly understood, particularly in 
understudied tropical forests (Palace et al. 2012).  This is one of the major knowledge 
gaps impeding global carbon inventories and carbon cycling models (Pan et al. 2011).  
 Woody debris is categorized by its location (or pool) and size (Figure 1).  
Traditionally, WD is separated into three pools: 1) downed WD that is in contact with the 
ground, 2) standing WD composed of standing dead trees (snags), and 3) suspended WD 
that is suspended in or attached to living trees or lianas (Swift et al. 1976, Harmon and 
6 
 
Sexton 1996).  The majority of necromass is stored in large pieces of WD (coarse woody 
debris or CWD) and thus most studies either exclusively monitor CWD or separately 
record fine woody debris (FWD; Harmon et al. 1986, Palace et al. 2012).  Downed WD is 
typically greater than standing WD in mature forests (Spetich et al. 1999, Sierra et al. 
2007), but the total amount of WD and its distribution among pools changes with stand 
age, forest structure, disturbance regime, and management strategy (Janisch and 
Harmon 2002, Keller et al. 2004, Sierra et al. 2007, Palace et al. 2012, Gora et al. 2014, 
Carlson et al. 2017).  The few studies of suspended woody debris – all conducted in 
temperate forests – suggest that this pool may be comparable to or even greater than 
downed and standing WD pools (Ovington and Madgwick 1959, Christensen 1977, 
however see (Swift et al. 1976).  However, to our knowledge, suspended WD has never 
been quantified in tropical forests.  
 The categorization of WD into these three pools is based on methodological 
rather than functional differences.  Although downed WD decomposes more rapidly than 
standing and suspended WD (Fasth et al. 2011, Song et al. 2017), it is likely that standing 
and suspended WD decompose similarly (Swift et al. 1976).  Even among pieces of 
downed WD, boles that are partially elevated decompose ca. 40% slower than those with 
more soil contact (Přívětivý et al. 2016).  The elevated sections of downed WD (hereafter 
elevated WD), and even upper sections of partially buried wood, experience different 
microclimate conditions, available nutrients, and propagule pressures than sections of 
the same piece that contact the ground (Boddy et al. 2009, Oberle et al. 2017).  The 
associated differences in abiotic conditions and decomposer community composition 
(Boddy 2001) presumably alters decomposition rates (Boddy et al. 1989, van der Wal et 
al. 2015).  Consequently, a more functionally relevant categorization is if, and how much, 
WD directly contacts the forest floor.   
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 Apart from the distribution of WD stocks, the relative contributions of different 
WD inputs reflect important aspects of forest carbon cycling.  Each piece of downed WD 
is either input from treefalls, branchfalls, or lianas.  Estimates of branchfall inputs are 
rare (Chave et al. 2003, Palace et al. 2008, Gurdak et al. 2014, Marvin and Asner 2016), 
even though the proportion of woody biomass lost to branchfall is – or at least should be 
-- an important parameter in carbon cycle models of forest vegetation (Clark et al. 2001, 
Malhi et al. 2011, Cleveland et al. 2015, Doughty et al. 2015, Marvin and Asner 2016).  
Branchfall is commonly omitted from tree mortality-based estimates of WD inputs 
(Chambers et al. 2000, Meakem et al. 2017) that inherently underestimate necromass 
production (Palace et al. 2008).  Lianas compose a small fraction of standing biomass 
(van der Heijden et al. 2013), but their contributions to necromass pools and fluxes 
remain unknown.  Most lianas lack recalcitrant structural components and thus liana 
wood generally should decompose more rapidly than branch and trunk wood.  If liana 
abundance is increasing (Schnitzer and Bongers 2011), then the reduced size and 
persistence of liana WD relative to tree WD will magnify the negative effects of lianas on 
forest carbon sequestration (van der Heijden et al. 2015). 
 To understand WD dynamics and develop proper sampling procedures, it also is 
necessary to quantify patterns of WD aggregation and variation.  In general, WD inputs 
and stocks are spatially aggregated at small scales (<50m, Woldendorp et al. 2004) and 
highly variable in space and time, reflecting the stochasticity (and size) of tree mortality 
and large branch mortality events that contribute the vast majority of WD. At the 
continental scale, forests with the same general disturbance history and ecosystem 
classifications (e.g., moist tropical forest) contain CWD stocks and inputs that differ by 
up to 2 orders of magnitude (Palace et al. 2012).  Even within a single European forest, 
CWD volume differed by 400% (49 to 402 m3 ha-1) between nearby 1 ha plots (Král et al. 
2010).  Accordingly, accurate estimates of necromass require spatially and temporally 
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intense sampling to characterize the range of possible inputs and stocks, as well as their 
relative frequencies. 
 Here we provide a comprehensive inventory of wood necromass in a lowland 
tropical forest, with a focus on poorly quantified aspects of woody debris stocks and 
fluxes.  This is the first study to quantify the relative contributions of all three woody 
debris pools - downed, standing, and suspended woody debris - in a tropical forest.  
Within the downed WD pool, we also estimate the proportion of elevated WD and how 
this proportion changes during decomposition.  We compare sources of downed WD 
(branchfall, treefall, or liana inputs) along with the relative contributions of branch, 
trunk, and liana wood.  Using a large-scale and long-term (2009-2016) dataset, we 
evaluate spatial and temporal patterns of CWD variation and aggregation.  Finally, we 




 Field work was conducted in a 50 ha forest dynamics plot on Barro Colorado 
Island (BCI) in central Panama (9.152˚N, 79.847˚W).  The forest structure and tree 
species composition at this site is typical of mature moist lowland tropical forest 
(Hubbell and Foster 1983).  The forest has an average annual temperature of 27˚C, mean 
annual rainfall of 2600mm, and a 4-month dry season (January-April, <100mm 
monthly rainfall).  More detailed descriptions of this forest are available elsewhere (e.g., 
Leigh 1999). 
Plot and transect design 
 We estimated woody debris (WD) stocks, fluxes, and variability using a 
combination of line-intercept and area-based approaches (Table 1).  The majority of our 
measurements were performed in 100 40x40m plots (hereafter dynamics plots) within a 
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larger 50 ha forest dynamics plot on BCI (Appendix I: Figure S1).  Standing WD was 
censused in the entire area of each plot (16 ha total), and downed WD along four 40m 
transects that crossed parallel to and 10m away from each plot edge (16 km total; 
Appendix I: Figure S1).  To investigate patterns of spatial variation and aggregation, 
these plots were divided into 16 equal-sized areas (10x10m) and transect sections (10m).  
In 50 of these plots, we also established 10x10m subplots in the four corners to measure 
WD suspended and attached above the forest floor (hereafter collectively referred to as 
suspended woody debris, Appendix I: Figure S1).  In addition to the dynamics plots, we 
quantified downed WD along long transects within the larger 50 ha plot during 2010, 
2014, and 2017 (Appendix I: Figure S2), and along short transects haphazardly 
distributed across BCI during 2015.  Coarse and fine WD (i.e., WD with diameters 
>20cm or <20cm, respectively) were recorded separately in all cases; the minimum 
diameter recorded for suspended WD was 5cm whereas the minimum diameter for 
downed and standing WD was 2cm. 
Photogrammetry of suspended and attached woody debris 
 We estimated the volume of suspended woody debris using methods typical of 
downed woody debris studies.  In addition to fully suspended WD, a minority of this pool 
exhibits minor contact with the forest floor, but is not typically included in surveys of 
downed WD.  Specifically, this WD was classified as suspended rather than downed if it 
did not contact the ground with at least three branches or a section of its main stem.  We 
used Newton’s formula to estimate the volume of suspended wood: 
[1] 𝑉𝑉 = 𝑙𝑙 ∗ (𝐴𝐴𝑒𝑒1+4∗𝐴𝐴𝑚𝑚+𝐴𝐴𝑒𝑒2)
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where V is volume (m3), A is area (m2) at each end (e1, e2) and at the midpoint (m) of the 
woody debris, and l is the length of the woody debris (m, Harmon and Sexton 1996).  
Using this formula, we measured suspended WD greater than 5 cm in its maximum 
diameter in the crown or in resident lianas of any tree with more than half of its basal 
10 
 
area inside the 10x10m subplot.  To improve accuracy for irregular branches, we 
separately measured the diameters and length of each approximately linear subsection.  
For small terminal branches, we measured their basal diameter and estimated their 
volume as cones.   
In the small minority of cases in which the suspended woody debris was within 
reach of the ground, we took measurements by hand; in other cases, we estimated 
dimensions using a combination of photographs and laser-based distance measurements 
(i.e., photogrammetry).  We first took photographs of each branch such that the axis of 
each diameter measurement was parallel to the x or y axis of the photograph (Powershot 
ELPH 130IS, Canon, USA).  We then used a commercially available laser rangefinder 
(Disto D5, Leica Geosystems, Austria) to measure distance between the camera and the 
midpoint of the diameter measurement.  Using ImageJ software and known camera 
characteristics, we then calculated a first estimate of branch diameter, D (in m), as  





where z is the distance (m) between the camera and the branch, lS is the length of the 
image sensor (mm), lF is the focal length when taking the photo (mm), Pb is the width of 
the branch (in pixels), and Pa is the width of the image along the same axis as the branch 
diameter measurement (in pixels).  We confirmed the accuracy and precision of this 
approach in comparisons with direct measurements by hand (Appendix I: 
Supplementary Methods). 
 We estimated branch length using angle and distance measurements.  Using the 
same laser, we measured distance to both ends of the branch or branch subsection, and 
estimated the angle between the two measurements using a protractor and plumb line.  
We then calculated branch length using the Law of Cosines (Appendix I: Supplementary 
Methods). 
Downed woody debris 
11 
 
 We used line-intercept sampling along long transects to quantify different 
components of downed woody debris (Table 1, Appendix I: Figure S2).  To estimate total 
stocks, we measured FWD and CWD pieces that intersected long transects (500m) 
running North to South in the 50ha dynamics plot during 2010 and 2014, and both 
North to South (500m transects) and East to West (1km transects) during 2017.  These 
transects were divided into 20m transect subsections for resampling and FWD was only 
recorded in the first 1m of each transect subsection.  For each piece of woody debris 
encountered, we recorded its diameter orthogonally to its longitudinal axis and centered 
around the intersection with the transect.  During 2010 and 2014 (but not 2017), we 
estimated density in the field using a dynamic penetrometer (Larjavaara and Muller-
Landau 2010).  In 2017, we categorized downed CWD as (1) elevated or in direct contact 
with soil, (2) branchfall or treefall, and (3) trunk wood, branch wood, or liana wood. 
 We also quantified the proportion of downed WD (>10cm DBH) elevated above 
the forest floor (hereafter elevated WD) using 33 short transects in 2015 (100m; Table 1).  
These transects began every 200m along the trail system on BCI and ran orthogonally to 
the trails themselves, covering a variety of topographical features.  We focused our short 
transect sampling on this diverse topography because the 50ha forest dynamics plot on 
BCI is located in large part on a plateau and the proportion of elevated WD is affected by 
local topography (Přívětivý et al. 2016).  Each piece of WD was classified into 1 of 5 
decomposition classes (Keller et al. 2004).  We measured the average cross-sectional 
area (i.e., volume over length) and the proportion of elevated WD across the entirety of 
each piece of WD encountered (N = 177).  Volume of each subsection was measured 
using equation 2.  We then took a weighted average of the elevated proportion of WD 
over pieces, weighting by average cross-sectional area, to estimate total elevated 
proportion of WD at the forest-scale.  When possible, we performed paired penetrometer 
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measurements of adjacent WD subsections that were elevated or in direct contact with 
the forest floor (N = 78).  
 To quantify inputs, outputs, and spatiotemporal variability of CWD, we 
performed line-intercept sampling along the four transects within each dynamics plot.  
These transects were surveyed from 2009 to 2016 (excluding 2011) and each piece of 
woody debris encountered was uniquely tagged and assigned a transect subsection (10m) 
identification number.  Diameter and penetrometer-estimated density were recorded 
yearly for all pieces of CWD with diameters >20cm.  During 2015 and 2016, we recorded 
whether new pieces of CWD were input via branchfall or treefall and whether the treefall 
inputs were composed of branch wood or trunk wood.   
Wood density 
 We performed destructive sampling of woody debris in 2010 to quantify wood 
density and describe the relationship between real density and penetration with the 
dynamic penetrometer.  To estimate density of wood cross-sections, we used a disk 
removal approach that accounted for void space and heterogeneity in wood structure and 
decomposition.  Specifically, we removed a ca. 3cm thick cross-sectional disk from the 
sample woody debris and returned this disk to the lab.  Disk volume was estimated as the 
diameter multiplied by the average of 5 disk thickness measurements, with the mean 
edge thickness measurement weighted twice as much as center point thickness.  If disks 
were too large to be returned to the lab, then the entire disk was weighed in the field and 
a subsection of this disk (200-1000g) was removed.  Each section or subsection was 
weighed while fresh, dried at 60˚C, and then reweighed to estimate dry density.  For 
subsampled disks, we assumed that the proportion of dry density in the subsample was 
representative of the entire disk and prorated field-measured fresh mass accordingly. 
Standing woody debris  
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 We censused standing CWD in the entire dynamics plots each year from 2009 to 
2016 (except for 2011). Standing CWD was defined as standing WD with a DBH 
(diameter at breast height, i.e., 1.3 m height) > 20 cm. We measured the height, 
penetration using dynamic penetrometer, and DBH of each tree.  For buttressed trees, 
we estimated the DBH using a taper function (Cushman et al. 2014).  Previous work 
suggested the relationship between penetration and wood density was the same for 
standing and downed CWD (Larjavaara and Muller-Landau 2010), and thus we 
estimated density with the density-penetration relationship described with destructive 
sampling in 2010.  
 We estimated volume differently for relatively intact and mostly decomposed 
snags.  We qualitatively recorded whether standing CWD retained none (<10% of 
branches), some (10-90% of branches), or all (>90%) of its crown.  For standing CWD 
with some or all of its crown, we estimated necromass using an environment-specific 
biomass function (Chave et al, 2014): 
[3] 𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑒𝑒−1.803−0.976∗𝐸𝐸+0.976∗ln(𝜌𝜌)+2.673∗ln(𝐷𝐷)−0.0299[ln(𝐷𝐷)2] 
Where AGB is aboveground biomass (kg), E is a region-specific environmental 
parameter (E = 0.0561 for BCI), D is DBH (m), and ρ is density (kg m-3).  We assumed 
that biomass equaled necromass for trees with intact crowns.  For trees with part of their 
crown missing, we estimated that 50% of branches were lost and, because branch wood 
is ca. 25% of total biomass, we estimated necromass as 87.5% of original biomass 
(Falster et al. 2015).  For standing CWD that lacked branches, we used a taper function 
to estimate diameter at the top of the remaining trunk (Cushman et al. 2014) and 
approximated volume as a truncated cone.   
 We quantified standing FWD (>2 cm DBH) in a 5m radius subplot (78.5m2) 
centered within each dynamics plot.  We recorded DBH and height for standing FWD, 
and estimated volume using the same truncated cone approach described above. 
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Calculations of stocks and fluxes 
 We estimated mass and volume of stocks and fluxes similarly across sampling 
types.  For most estimates of downed woody debris, we multiplied sample cross-sectional 
mass and cross-sectional area by the random angle correction factor (π/2) to account for 
the orientation of diameter measurements relative to the piece of CWD rather than the 
transect itself.  For datasets with unidirectional transects (i.e., 2010 and 2014 long 
transects), we divided cross-sectional mass (or area) by sine of the angle between the 
longitudinal axis of the piece of WD and the transect itself.  We then summed cross-
sectional mass and cross-sectional area across all samples, and divided by total transect 
length.  Similarly, standing and suspended woody debris volume and mass were summed 
across all samples, and divided by total area.  For all stocks, fluxes, and proportions, we 
calculated confidence intervals by bootstrapping over spatial subsamples – either 
transect sections (10 or 20 m in length) or subplots (10x10 m each).  When individual 
density estimates were not available, we estimated mass by multiplying final volume 
estimates by average dead wood density from the 2010 long transects (0.271 g mm-3).  
Throughout the manuscript, we reference the year during which the majority of fluxes 
occurred; however, we note that pieces of CWD were not surveyed until the first two 
months of the subsequent year. 
 CWD inputs and outputs were estimated from the yearly surveys of the dynamics 
plots.  We approximated the residence time of CWD using a steady state model; we 
divided the aggregate stocks (7 years of estimates) by the aggregate inputs (5 years of 
estimates).  We then estimated the decomposition constant, k, as 1 divided by the 
residence time.  Using the decomposition constant, we accounted for the mass and 
volume lost between when a sample enters the system and when it is first recorded using 
the following equation based on instantaneous decomposition rates, 






Where V is the individual sample estimate (volume, mass, cross-sectional area, or cross-
sectional mass) at the time it entered (subscript “0”) and the time it was recorded 
(subscript “t”), t is time since the previous census (years – always “1” in our analyses), 
and r is the decomposition constant (years-1).  We then iteratively recalculated the total 
inputs and the decomposition constant until the change in r was less than 1% of its total 
value. 
 We also performed alternative calculations of residence times using 
individualized changes in CWD mass and volume.  For CWD that remained in our study 
across multiple censuses, we calculated absolute changes in the mass and volume and 
calculated the decomposition constant for each year using an exponential decay model 
(Appendix I: Supplementary methods).  We then calculated minimum and maximum 
mass loss for pieces of CWD that exited our study in a given year (Appendix I: Table S1).  
Finally, we used the same boles that exited the study to analyze the sensitivity of the 
residence time estimates to changes in density and diameter.  Specifically, we calculated 
average decomposition constants with minimum, maximum, and 50% of the possible 
density and diameter measurements for downed and standing CWD (Appendix I: Table 
S1).  
 We calculated the sampling effort necessary to estimate pools and fluxes within 
10% of the true value with 95% confidence given the observed variability.  Specifically, 
we determined the total transect length (km) or surveyed area (ha) that would meet 
these criteria using the coefficient of variation and sample size (Metcalfe et al. 2008; 
Appendix I: Supplementary methods). 
Fitting distributions and other analyses 
  We performed linear regression analysis between the proportion of downed dead 
wood in direct contact with the soil and decomposition class, and between penetrometer 
penetration per hit (mm) and dry density (kg m-3).  For penetrometer penetration 
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relative to dry density, both variables were log transformed to improve normality and 
linearity.  Because both variables were log transformed, we used a correction factor 
[exp(squared residual error/2)] to convert from penetration to density in all cases when 
only penetration was known (Chave et al. 2005).  We compared the penetrometer-
estimated density of adjacent downed and elevated sections of downed CWD using a 
paired t-test.  Finally, we performed Fisher’s exact tests (Binomial tests) to determine if 
inputs were more likely in 10m and 100m2 subsamples that received inputs in previous 
years. 
  We fit the univariate distribution of standing and downed CWD pieces over 
space at different spatial scales (R package fitdistrplus) and explored spatial aggregation 
of CWD mass, volume, and pieces using semivariograms (R package GeoR).  We used 
maximum likelihood estimation to quantify how the distribution of CWD pieces fit 
Poisson and negative binomial distributions and compared their fits using AIC values 
(dAIC > 2 considered significant).  CWD counts per quadrat or transect section will 
follow a Poisson distribution if individual pieces are independently distributed, and a 
negative binomial distribution is better if pieces are non-randomly clumped together.  
For the negative binomial distribution, the overdispersion “size” parameter characterizes 
the degree of non-random aggregation; smaller values of this parameter indicate greater 
aggregation.  Because the data were generally overdispersed and included many zeros, 
we log (x+1) transformed cross-sectional area and cross-sectional mass before creating 
semivariograms.  We generated separate omnidirectional semivariograms for inputs and 
outputs of downed and standing CWD, using each year as a replicate.  Semivariograms 
were calculated for distances up to to 250 m, half the minimum dimension of the 50 ha 
plot using 10m bins.  All calculations and statistical analyses were performed in the R 




Pools and inputs of woody debris 
 Suspended woody debris comprised a negligible proportion of the total WD pool 
(Figure 2, Appendix I: Table S2).  Specifically, suspended WD only accounted for ca. 1% 
of total WD stocks (20.6 Mg ha-1), whereas the standing and downed CW pools 
accounted for ca. 20% and 80% of wood mass, respectively (Figures 2-3 and S3).  Unlike 
standing and downed pools, the FWD component of suspended WD mass was nearly 
three times greater than CWD component.  By contrast, downed CWD mass was 
approximately three times greater than downed FWD, and the mass of standing CWD 
stocks was nearly 4000 times greater than standing FWD stocks (Figure 2; Appendix I: 
Tables S2 and S3).  Considering all pools of WD, the majority of dead wood mass is 
downed and stored in pieces of CWD (Figure 2).  This traditional categorization of WD 
suggests that a minority of CWD mass is elevated or suspended above the ground, but 
this approach misses a functionally important portion of downed WD.   
 A large portion of downed WD (> 10cm diameter) is actually elevated above the 
forest floor (Figure 4).  The 2017 long transects found that 23% (CI: 14-34%) of downed 
WD stocks on the 50 ha plot were elevated above the forest floor, whereas the short 
transect surveys found 52% of downed WD stocks were elevated (N = 177, CI: 46-57%) in 
other areas of the island.  The actual proportion of elevated WD likely falls between these 
two estimates because of directionally opposing biases (see Supplementary Information 
in Appendix I for more details).  Small-scale vertical stratification is important because 
suspended sections of downed WD decompose more slowly than sections in contact with 
the forest floor; in our study, penetrometer-estimated density was 11% higher for 
elevated WD sections (0.259 kg m3) relative to adjacent downed sections of the same 
bole (0.232 kg m3; t = 1.99, d.f. = 77, p < 0.001).  
 Combining elevated WD with suspended and standing pools demonstrated that 
the majority of WD inputs, and potentially stocks, were elevated above the forest floor.  
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Specifically, at least 54-71% of WD inputs (as volume) began decomposing before 
contacting the forest floor and between 40-63% of total WD stocks were either elevated, 
suspended, or standing (low and high estimates assume that 23% and 52% of downed 
CWD is elevated, respectively).  The difference between inputs and stocks was caused by 
the greater ratio of standing to downed CWD for inputs (Figure 2; Appendix I: Tables S2 
and S4).  Although we did not measure the elevated WD of inputs directly, the 
proportion of elevated WD was highest at early stages of decomposition and decreased 
from 83% elevated (N = 16, CI: 68-94%) to 12% elevated (N = 32, CI: 4-22%) as wood 
decomposed from decay class 1 to class 5 (F1,175 = 44.24, p < 0.001; Figure 4).  
Consequently, we underestimate the proportion of WD input as either elevated, 
standing, or suspended WD because we use estimates of elevated WD stocks rather than 
inputs. 
 Treefalls and trunk wood were the most prominent components of woody debris 
(Table 3; Appendix I: Tables S5-S6).  Branchfall only accounted for ca. 17% (CI: 11-26%) 
of total downed WD stocks in 2017 and, because branchfalls were primarily FWD, an 
even smaller portion of CWD inputs during 2015 and 2016 (Table 13).  Correspondingly, 
branch wood was relatively unimportant to total WD inputs.  Branch wood composed 
only 23% (CI: 14-36%) of downed WD stocks and ca. 10% of CWD treefall inputs (Table 
13).  Liana wood also was input into the downed WD pool, but it only contributed 2% 
(CI: 2-4%) of total downed WD volume and liana wood was restricted almost entirely to 
FWD (12% of total FWD, CI: 6-21%). 
Aggregation and spatiotemporal variability of CWD 
 Downed and standing CWD stocks and inputs were highly spatially variable.  The 
coefficient of variation across 10-m and 100-m2 sampling units ranged from 600% to 
1580%, meaning the standard deviation was up to 16 times greater than the mean for all 
estimates across all years and spatial scales (Table 2 and S7).  This pattern was caused by 
19 
 
rare, exceptionally large inputs and the aggregation of CWD pieces (Figures S4-5).  
Specifically, standing and downed CWD pieces were non-randomly aggregated within 
the smallest sampling units (i.e., they fit the negative binomial distribution) in 13 of the 
14 occasions that spatial aggregation was recorded (the only exception was standing 
CWD during 2014).  However, there was no spatial structure in WD pools above the scale 
of our sampling units (10-m and 100-m2), as demonstrated by semivariogram analyses 
(Appendix I: Figure S6).  This was further confirmed by the predictable scaling of the 
coefficient of variation with increasing sampling scale (Appendix I: Table S7). 
 Because of this extreme spatial variability, substantial sampling efforts are 
necessary to accurately estimate most WD stocks and fluxes.  FWD and stocks typically 
required smaller sampling efforts than CWD and fluxes because they were more frequent 
and the size range of FWD was constrained (<20 cm, Table 2).  By contrast, the size 
distribution of CWD was strongly right-skewed and thus a huge sampling effort was 
necessary to characterize the frequency of large, high-leverage inputs (Appendix I: 
Figure S4).  Consequently, small sampling efforts either overestimate or underestimate 
the frequency of large inputs, leading to chronic underestimation of uncertainty.  The 
size distribution of CWD also causes inaccuracy; small sampling efforts that miss large 
pieces of CWD will underestimate stocks and fluxes (e.g., CWD from the 2014 long 
transects; Figure 3), whereas small sampling surveys that encounter large pieces of WD 
will assume they are too frequent and overestimate.   The skewed distribution of WD 
sizes even inhibits predictions of the sampling efforts necessary for accurate estimates.  
For example, the target sampling efforts that were estimated with less effort in this study 
tended to be smaller than those estimated with greater effort (Table 2). 
 Despite limited spatial structure, CWD inputs were non-randomly aggregated 
through time.  Downed CWD inputs occurred 290%, 250%, and 180% more frequently 
than expected if a piece of CWD was input on the same 10-m transect section either 1 
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year (Binomial test: p < 0.001), 2 years (p < 0.001) and 3 years prior (p = 0.05), 
respectively.  This pattern is likely the result of fragmentation as a standing dead tree 
enters the downed CWD pool over multiple years.  However, there was no association 
with downed inputs 4 years prior (Binomial test: p = 1.0).  By contrast, standing CWD 
inputs were not associated with previous inputs at the 100 m2 (Binomial test: p = 0.098) 
or 1600 m2 sampling scales (Binomial test: p = 0.975).  Note that we have low power to 
detect differences in stocks and fluxes among years.  The estimated sample efforts 
necessary for estimation of CWD stocks and inputs within 10% with 95% confidence 
were >100 km, many times greater than the annual sample efforts in this study (16 km, 
Table 3).  Consequently, our results should not be interpreted as evidence that CWD 
stocks and inputs are temporally homogenous; rather, qualitative comparisons of CWD 
stocks, fluxes, and patterns of aggregation suggest that inputs and stocks can vary year-
to-year (Figures 3 and S3, Appendix I: Tables S2-4).   
Residence time and decomposition constants 
 Residence times calculated with a steady state model were greater than 
individualized estimates (Table 4, Appendix I: Table S1).  The average residence time for 
standing CWD (1.8-2.0 years) was approximately half that of downed CWD (3.4-3.6 
years).  Correspondingly, this indicates that 2.3 Mg ha-1 and 3.5 Mg ha-1 of wood 
necromass are output from the standing and downed CWD pools, respectively.  
However, residence times estimated with a steady state model were 40-60% longer than 
even the most conservative individualized estimates (Appendix I: Table S1).  
Individualized estimates also were slightly more sensitive to changes in diameter than 
changes in density (Appendix I: Table S1).   
DISCUSSION 
 Accurate estimates of WD pools and their spatiaotemporal dynamics are 
necessary to understand carbon cycling.  Here, we conducted the most comprehensive 
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survey of WD in a tropical forest.  Using the first-ever estimate of elevated WD in any 
forest type, we show that the majority of wood necromass decomposes above the forest 
floor.  We also demonstrate that tremendous sampling efforts are necessary to accurately 
estimate WD pools and fluxes due to the highly dispersed nature of CWD.  These 
findings challenge the accuracy and precision of WD estimates in most forests and 
emphasize the need to consider the vertical distribution of WD in situ to better 
understand decomposition. 
 The contemporary understanding of decomposition is based on ground-level 
studies (Adair et al. 2008, Bradford et al. 2014), yet half or more of total WD is 
decomposing aboveground.  Combined standing and suspended WD pools are often 
greater than downed WD (Ovington and Madgwick 1959, Christensen 1977, Delaney et 
al. 1998); here we show that an additional 25-50% of downed WD is actually elevated.  
Decomposition rates differ substantially between the forest floor and standing, 
suspended, or elevated WD (Fasth et al. 2011, Přívětivý et al. 2016, Song et al. 2017), but 
the mechanisms underlying these differences (e.g., microclimate and nutrient 
availability) remain untested.  Moreover, information regarding the process of 
decomposition and models of wood decomposition rely on ground-level studies 
(Thornton 1998, Liski et al. 2005, Weedon et al. 2009reviewed by Cornwell et al. 2009) 
and/or experiments that only consider completely downed pieces of WD (i.e., no 
elevated WD; van Geffen et al. 2010, Cornelissen et al. 2012, Bradford et al. 2014, Zanne 
et al. 2015).  Consequently, the processes regulating wood decomposition and related 
aspects of carbon cycling will remain poorly understood until this knowledge gap is 
addressed. 
 The sampling efforts estimated here indicate that WD stocks and fluxes are 
exceptionally difficult to quantify.  Without bootstrapping over large spatial scales with 
intense replication (> 130 km or 500 ha), it is impossible to capture the true frequency of 
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large pieces of WD (Appendix I: Figure S6).  Because previous studies lack sufficient 
sampling efforts, existing estimates of WD underestimate their uncertainty (Clark et al. 
2002, Woldendorp et al. 2004, Palace et al. 2012, Carlson et al. 2017).  Moreover, many 
estimates of WD stocks and fluxes are inaccurate; they either underestimate WD because 
large inputs were not sampled, or overestimate WD because these inputs were recorded 
and their frequency was overestimated.  The problems caused by these high-leverage 
inputs are known (Palace et al. 2012), but even large-scale studies typically lack sufficient 
sample sizes for precise estimates (Palace et al. 2008, Carlson et al. 2017).  These issues 
likely plague estimates of residence time as well; for example, the highest measured 
CWD decomposition rate in tropical forests was measured across only 1.5 ha and could 
be a statistical outlier rather than representative of the local forest (Delaney et al. 1998, 
Palace et al. 2012).  Existing estimates of WD parameters are useful starting points, but 
should be interpreted cautiously given their tendency for inaccuracy and imprecision. 
 Forest dynamics studies offer an alternative method for estimating WD fluxes 
using tree mortality and branchfall (Meakem et al. 2017).  Co-located with our study, 
Meakem and colleagues (2017) estimated CWD (> 10cm DBH) inputs from tree mortality 
as 5.4 Mg ha-1 yr-1 from 1985-2010.  Branchfall was not included in this mortality-based 
estimate, and we see that the difference between our estimate of CWD inputs and 
Meakam’s (9%) nearly equals the proportion of CWD input as branchfall (8%, also see 
Chave et al. 2003).  This confirms that mortality-based estimates can be accurate with 
the exclusion of branchfall.  However, branchfall estimates range from 15-45% of total 
WD inputs (Malhi et al. 2014, Marvin and Asner 2016) and the reasons for differences in 
branchfall are unclear.  Consequently, tree mortality-based estimates of WD inputs 
require coordinated branchfall measurements to account for potentially large differences 
in branchfall inputs among sites.  
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 Although direct comparisons with other forests are difficult, the stocks and fluxes 
observed in our study appear to be unusual.  Residence times for standing CWD were the 
shortest ever recorded (Odum 1970, Lang and Knight 1979) and downed CWD residence 
times were shorter than most estimates (Palace et al. 2012).  Given the substantial mass 
of CWD inputs relative to other neotropical forests, the fast rates of decomposition likely 
caused the relatively low WD stocks.  Although we did not test mechanisms of 
decomposition, previous work concluded that oceanic Na deposition causes faster rates 
of wood decomposition on BCI than in inland Ecuadorian forest (Kaspari et al. 2009, 
Clay et al. 2015).  The possibility that local abiotic conditions, such as proximity to salt 
water, can dramatically change decomposition rates emphasizes the need for replicated 
studies quantifying decomposition across a broad range of forest biomes. 
Caveats and recommendations 
 Despite our attempt to provide a comprehensive assessment of woody debris in a 
tropical forest, the results revealed some important limitations.  Line-intercept sampling 
is not ideal for spatial analyses as it misses some pieces of WD.  Downed WD was 
spatially autocorrelated in a similar temperate study (Král et al. 2014), and the line-
intercept approach potentially inhibited our ability to detect this pattern on BCI.  
Additionally, the two methods for estimating residence time provided substantially 
different results.  There are two possible explanations for these differences.  First, if the 
estimates are accurate, this suggests that CWD stocks are decreasing as decomposition 
rates are increasing and/or CWD inputs are decreasing.  Second, it is possible that one of 
the residence time estimates is biased.  The most likely source of bias is that 
individualized measurements treat all boles equally and residence times increase with 
bole size in some cases (reviewed by Harmon et al. 1986).  Finally, we sacrificed a larger 
sampling scale for more intense sampling across a 50 ha stand of forest, but we found 
this to be the most effective approach.  Bootstrapping methods limited problems with 
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autocorrelation, and intensive WD sampling at this scale enabled us to conduct the most 
comprehensive assessment of tropical WD stocks and fluxes to date. 
 This study provides a framework for the interpretation and design of forest 
inventory studies.  The unusual WD fluxes in this forest emphasize the need for 
replicated studies in many biomes to better understand WD stocks, inputs, and 
decomposition.  Given the spatial variability of WD, future studies of WD should employ 
bootstrapping to estimate confidence intervals and substantial sampling efforts to 
improve their accuracy and precision.  Without accurate and precise estimates of WD, it 
is impossible to quantify the contribution of WD to global carbon cycling (Pan et al. 
2011).  In a broader context, it is likely that highly variable ecosystem components of all 
biomes are inaccurately estimated with unknown uncertainties.  Addressing these 
considerations in future studies should increase accuracy and reduce uncertainty in 







Table 1: Key characteristics of the field datasets analyzed here.  The diameter range is for the diameter at the 
intersection of the transect in the case of downed WD, and the trunk DBH in the case of standing WD.  The total 
sampling effort denotes the aggregate transect length or plot area surveyed per year.  The sampling design provides a 



















Four 40 m transects, 




100 plots of 1600 m2, 
subsampled every 100 m2 16 ha 
2-20 cm 5 m radius plots centered in the dynamics plots 0.79 ha Mean only 
Suspended 
WD 
>20 cm  
200 plots, each 100 m2 2 ha Mean only 2015 










>10 cm  
perpendicular transects of 
500 m and 1 km, subsampled 
every 20 m 
15 km Mean only 2017 
2-20 cm 
 
1 m subsamples every 20m of 





1 m subsamples every 20 m 
of the 2017 long transects 0.75 km Mean only 2017 
Downed 
Lianas 
>10 cm  
perpendicular transects of 
500 m and 1 km, subsampled 
every 20 m 
15 km 
Mean only 2017 




WD >10 cm 
100 m transects haphazardly 






Table 2: Sampling effort required to estimate the volume of WD pools and fluxes to within 10% of the true mean with 
95% confidence.  We present values from the smallest sampling scale in cases where multiple scales were recorded.  
The coefficient of variation (CV, with 95% CI) is the percent of the standard deviation over the mean of total volume 
per transect. 









Year (s) Coefficient of Variation (%) 
Required sampling 
effort, volume 








112 km 2009-2016 601 (468, 769 139 (84, 227) 
Inputs 
80 km 2009-2016 
1369 (554, 2308 720 (118, 2047) 












693 (149, 1483 370 (17, 1695) 
Suspended 
above soil 386 (255, 576 115 (50, 256) 
In contact 
with soil 889 (157, 2231 609 (19, 3836) 
Branchfall 334 (239, 472 86 (44, 172) 
Treefall 777 (165, 1760 465 (21, 2388) 
Liana wood 2020 (0, 7673 3145 (0, 45379) 
Downed CWD 
from treefall 
Trunk wood Transects 
(km) 20 m 15 km 2017 
831 (157, 2041 532 (19, 3211) 







 0.75 km 2017 
228 (161, 322 2 (1, 4) 
Branchfall 322 (228, 426 4 (2, 7) 
Treefall 664 (360, 1258 17 (5, 61) 
Liana wood 789 (360, 1720 24 (5, 114) 






from treefall Branch wood 
Transects 







112 ha 2009-2016 1210 (600, 1830) 560 (139, 1280) 
Inputs 
80 ha 2009-2016 
1610 (840, 2670) 956 (282, 2564) 
Outputs 1580 (860, 2580) 661 (149, 2009) 
Standing FWD Stocks Plots (ha) 78.5 m2 0.785 ha 2010 450 (80, 1560) 63 (2, 756) 
Suspended CWD 
Stocks Plots (ha) 100 m2 2 ha 2015 
410 (200, 890) 64 (16, 308) 







Table 3: The sample size, mass, and volume (±95% CI) of downed WD inputs separated into branchfall and treefall.  
Estimates for 2015 and 2016 were based on inputs of CWD into the dynamics plots, with mass calculated using 
penetrometer measurements, whereas 2017 estimates were based on the volume of WD stocks characterized using 






















































(4.7, 14.2) 24 95 22 70 
90 
 (78, 96) 
87 











(0.9, 2.5) 210 26 3 22 
21  
(12, 30) N/A 
4.0 







(31.3, 86.5) 191 343 80 263 
92  
(87, 95) N/A 
93 







(34.0, 89.8) 401 369 83 285 
83 
 (74, 89) N/A 
93 








Table 4. Estimates of downed and standing CWD residence time and decomposition constant (±CI) using a steady 
state model.  These estimates either use measured values of CWD inputs (raw inputs) or iteratively corrected inputs to 
account for decomposition that occurred before inputs were measured (iteratively corrected inputs).  The iterative 
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Residence time (years) Decomposition constant (k) 
Mass Volume Mass Volume 
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Iteratively corrected inputs 





















Iteratively corrected inputs 























Figure 1. The pools and fluxes of woody debris as it cycles from living woody tissues to 
carbon dioxide and/or soil organic matter.  Filled black arrows indicate fluxes in and out 
of dead WD pools, whereas hollow arrows represent fluxes among pools of dead woody 
debris.  Arrows and boxes are not scaled to represent the magnitude of fluxes and pools. 
 
Figure 2.  The pools and fluxes of woody debris mass estimated in this study. Boxes are 
scaled to represent the relative mass of stocks in each pool.  The aggregate totals of the 
CWD inputs and outputs are depicted as filled arrows.  The arrows are proportional to 
the estimated fluxes at the point where they enter and exit the CWD stocks; the rest of 
the arrows are merely scaled to the size of the relevant stock because these sub-fluxes 
were not separately quantified.  Estimated downed and standing CWD mass are based on 
penetrometer estimates from the 40x40m plots, whereas the other estimates use average 
density and volume from the 2010 and 2014 long transects (downed FWD) or subplots 
within the 40x40m plots (standing FWD and all suspended WD). 
 
Figure 3. Estimated downed and standing CWD stocks (A) and inputs (B) as mass (Mg 
ha-1) with 95% confidence intervals based on data from the 40x40m dynamics plots in 
individual years (filled symbols) and estimated stocks from the long transects in 2010 
and 2014 (open symbols).  The shaded regions represent the mean (±95% CI) of downed 
and standing CWD as calculated across all years from the 40x40m plots.  See Figure S3 





Figure 4. The mean percent of volume (mean ±95% CI) in downed WD >10cm diameter 
that was elevated above the forest floor for each decomposition stage (higher numbers 
indicate more advanced decomposition), based on data from the 2015 short transects.  
The solid line with the dark grey bar represents the overall mean and 95% confidence 
interval for WD from these short transects, whereas the solid line with the light grey bar 








































DECOMPOSITION OF COARSE WOODY DEBRIS IN A LONG-TERM LITTER 
MANIPULATION EXPERIMENT: A FOCUS ON NUTRIENT AVAILABILITY 
 
SUMMARY 
 The majority of aboveground carbon in tropical forests is stored in wood, which is 
returned to the atmosphere during decomposition of coarse woody debris.  However, the 
factors controlling wood decomposition have not been experimentally manipulated over 
time scales comparable to the length of this process. We hypothesized that wood 
decomposition is limited by nutrient availability and tested this hypothesis in a long-
term litter addition and removal experiment in a lowland tropical forest in Panama.  
Specifically, we quantified decomposition using a 15 year chronosequence of decaying 
boles, and measured respiration rates and nutrient limitation of wood decomposer 
communities.  The long-term probability that a dead tree completely decomposed was 
decreased in plots where litter was removed, but did not differ between litter addition 
and control treatments.  Similarly, respiration rates of wood decomposer communities 
were greater in control treatments relative to litter removal plots; litter addition 
treatments did not differ from either of the other treatments.  Respiration rates 
increased in response to nutrient addition (nitrogen, phosphorus, and potassium) in the 
litter removal and addition treatments, but not in the controls.  Established decreases in 




response to nutrient addition suggest that reduced rates of wood decomposition after 
litter removal were caused by decreased nutrient availability.  The effects of litter 
manipulations differed directionally from a previous short-term decomposition study in 
the same plots, and reduced rates of bole decomposition in litter removal plots did not 
emerge until after more than 6 years of decomposition.  These differences suggest that 
litter-mediated effects on nutrient dynamics have complex interactions with 
decomposition over time. 
 
INTRODUCTION 
 Tropical forests influence global carbon dynamics more than any other terrestrial 
biome; they contain 25% of terrestrial biomass and account for ca. 40% of the terrestrial 
carbon sink (Pan et al. 2011, Feldpausch et al. 2012).  The majority of aboveground 
carbon in tropical forests is sequestered in wood (Rice et al. 2004) and the process of 
decomposition eventually releases most of this carbon as CO2.  Indeed, actively 
decomposing dead woody debris accounts for as much as 20% of aboveground carbon 
and 15% of CO2 emissions in tropical forests (Chambers et al. 2004, Rice et al. 2004, 
Palace et al. 2008).  To understand and accurately predict changes in tropical forest 
carbon cycling, it is therefore necessary to determine what factors control the 
decomposition of trees and large branches (cumulatively referred to as coarse woody 
debris [CWD] or individually as “boles”). 
 Experiments investigating factors that control decomposition are generally 
restricted to leaf litter and fine woody debris.  Substrate characteristics and microclimate 
are important to litter and fine woody decomposition rates (reviewed by Berg and 
Laskowski 2005, Fasth et al. 2011), and one or more nutrients typically limit litter 




Vivanco 2006, Kaspari et al. 2008).  For small woody substrates (< 20 cm3), controlled 
experiments indicate that decomposer species composition, community assembly 
history, nitrogen (N) availability, and phosphorus (P) availability all influence 
decomposition rates (Boddy 2001, Fukami et al. 2010, Bebber et al. 2011).  For small 
branches in a lowland tropical forest (5 cm diameter), decomposition rates increased 
with P and P+N addition for some tree species but not for others, indicating that 
substrate characteristics influence the effects of fertilization (Chen et al. 2015).  Although 
these studies form a useful foundation for understanding wood decomposition, it 
remains unknown if results from short-term decomposition studies using small woody 
substrates are predictive of CWD decomposition.  
 Uncertainty regarding wood decomposition exists in part because fine woody 
debris is chemically different from CWD and decomposition of entire boles occurs over 
long time scales (Kimmey 1955, Harmon et al. 1986).  Decomposition rates of larger 
boles are often slower than for smaller boles, but it remains unclear how this 
phenomenon is influenced by chemical composition and geometry (surface area-to-
volume ratio; Oberle et al. 2017, reviewed in Harmon et al. 1986).  Small woody debris is 
mostly composed of relatively labile sapwood, whereas a large portion of mature tree 
mass is recalcitrant heartwood that often contains complex compounds and lower 
nutrient content (Grubb and Edwards 1984, Sellin 1994, Meerts 2002, Taylor et al. 
2002).  These types of compositional differences can have complex effects on 
decomposition (Carreiro et al. 2000) that are not well understood for woody substrates 
(Chen et al. 2015).  Despite these differences, the vast majority of experimental 
investigations of wood decomposition focus on fine woody debris, yet most dead wood 




 Circumstantial evidence and natural experiments provide some information 
about long-term wood decomposition.  Wood decomposition often differs among tree 
species and it is faster for smaller, less dense, and low lignin woody debris in tropical 
forests (Chambers et al. 2000, van Geffen et al. 2010).  Wood has higher carbon-to-
macronutrient ratios than decomposer organisms, resulting in an initial stage of nutrient 
translocation into wood during decomposition (Boddy 2001, Mooshammer et al. 2014).  
The bulk translocation of soil nutrients for wood decomposition is so substantial that 
CWD removal and multi-nutrient fertilization had similar positive effects on net primary 
productivity in a secondary tropical forest (Zimmerman et al. 1995).  However, it is not 
known for how long nutrient translocation occurs and how the process of nutrient 
import influences decomposition rates.  In a relevant study, the effects of fertilization 
were inconsistent through time (Chen et al. 2015), suggesting that nutrient limitation is 
only important during some stages of decomposition.  Without long-term experiments 
spanning the duration of CWD decomposition (Cornelissen et al. 2012), it is impossible 
to determine how nutrient availability influences dead wood decomposition.  
 Long-term litter manipulations are useful for investigating the roles of soil 
nutrients during decomposition.  Litter functions as a complete, stoichiometrically 
balanced fertilizer that releases nutrients as it decomposes over months (Sayer et al. 
2012), and thus litter addition provides insight into the influence of bulk nutrient 
addition on rates of decomposition.  Two features of this approach are (1) that it does not 
change nutrient ratios in the same way as fertilization with select elements (Sayer and 
Banin 2016) and (2) that it approximates future forest conditions because increased 
litter inputs are expected in response to increased CO2 concentrations (Liu et al. 2009).  
By contrast, litter removal can provide information about the roles of soil nutrient pools 
during decomposition.  To our knowledge, no studies to date have considered how litter 




 We investigated long-term CWD decomposition in a litter manipulation 
experiment in lowland tropical forest in Panama.  In this experiment, litter addition plots 
are relatively nutrient-rich (elevated soil nitrate and P), whereas litter removal plots are 
nutrient-poor (reduced soil inorganic N, soil P, litter N, and litter potassium [K]; Sayer et 
al. 2012, Sheldrake et al. 2017a).  We hypothesized that long-term rates of wood 
decomposition increase with greater litter input as a result of enhanced nutrient 
availability (N, P, and K), whereas decomposition rates decrease with very low litter 
input due to nutrient limitation.  We tested three predictions related to this hypothesis: 
1) CWD decomposition rates are higher in litter addition treatments and lower in litter 
removal treatments compared to controls;  2) similarly, wood decomposer activity 
(respiration rates) during late-stage decomposition is greater in litter addition plots and 
reduced in litter removal plots; 3) respiration rates of decomposer communities exhibit a 
greater increase in response to nutrient addition in litter removal plots than in litter 
addition or control plots.  We used tree survey data to establish the species and year of 
death for decaying boles within the plots, which allowed us to test our predictions using a 
15-year chronosequence of CWD. 
METHODS 
Study site 
 The study site was lowland tropical forest located on the Gigante Peninsula 
within the Barro Colorado Nature Monument in central Panama.  Forest structure and 
tree composition are typical of mature lowland tropical forest in Mesoamerica (Wright et 
al. 2011) with an average annual temperature of 27˚C, mean annual rainfall of 2600 mm, 
and a short dry season (January-April, < 100mm monthly rainfall; (Leigh 1999).  The 
soils are Oxisols with moderate to low concentrations of exchangeable cations and resin-




Litter Manipulation Plots 
 The Gigante Litter Manipulation Project (GLiMP) comprises 15 plots (45 x 45 m) 
in five replicate blocks of three treatments. The litter in the five “litter removal” plots has 
been raked and moved to the five “litter addition” plots once a month since January 
2003, five unmanipulated plots were maintained as controls (estimated litterfall = 991 g 
m-2 y-1, Sayer and Tanner 2010a).  The experimental design is described in detail 
elsewhere (Sayer et al. 2006).  All trees with > 10 cm diameter at breast height (DBH) in 
the plots were measured, tagged, identified, and mapped with c. 0.5 m accuracy in 2000, 
this process has been repeated annually, with the exception of 2006 and 2008, through 
to the conclusion of this study (August 2016).  Soil nutrient concentrations were last 
measured in these plots in 2010 and 2012 (Sayer et al. 2012, Sheldrake et al. 2017a). 
Bole survey 
 In 2016, we used a chronosequence approach to compare CWD decomposition 
among litter treatments (van Geffen et al. 2010).  The tree census data from the litter 
manipulation plots indicated the year in which a given tree died, the size of the tree at 
death, the species of the tree, and its location in the plot.  Boles were not moved away 
from their original location by human activity because access to the study site is 
restricted.  Using census information, we were able to locate remaining boles and 
determine if others had completely decomposed.   
 We returned to the original location of each dead tree and categorized these trees 
into two groups.  The first group (n = 115) included downed and standing dead trees that 
we were able to unambiguously identify.  Specifically, unambiguous identification relied 
on detecting a remnant bole with sufficient elliptical-cylindrical structure that we could 
determine its orientation and position relative to the original location of the tree.  The 




recorded with this fate if no intact sections of wood existed near their original location.  
We did not consider small wood fragments (typically <500 cm3) as evidence of a 
remaining bole for two reasons: 1) it is nearly impossible to determine the original source 
of individual fragments and 2) the presence or absence of litter biases detection rates for 
small fragments.  Consequently, small woody fragments of “completely decomposed” 
boles may persist in these plots, but any omissions were consistent among litter 
treatments.  To account for species-specific differences in initial wood density, we used 
the published values for each species or its closest known relative (global wood density 
database, Chave et al. 2009). 
We excluded dead trees from our analyses if they were unidentifiable or lacked 
important covariates (diameter, species, or location; n = 104), and we did not consider 
dead palms (n = 82).  We omitted dead trees that lacked tree species identifications (n = 
67) or accurate locations (n = 7).  Trees that fell outside of the plots were not affected by 
the litter manipulation treatments and were thus removed (n = 4).  We also removed 
trees from analyses if the tree location was obscured by a treefall (n = 7), or multiple 
boles were clustered and/or in an orientation that precluded a confident assignment to 
single point of origin (n = 19).  Trees omitted from our analyses were smaller and denser 
than those retained, but their cross-sectional masses did not differ (Appendix II: Table 
S1).  Regardless, all criteria were applied equally to all plots, and the characteristics of 
excluded trees did not differ among litter treatments (Appendix II). 
Wood Respiration 
 We used respiration measurements to estimate short-term decomposer 
community activity.  We selected 28 boles in each of the three litter treatments so that 
bole ages (i.e., time since tree death) were relatively evenly distributed across the course 




structure (diameter, length, and shape) to support respirometry collars.  We attached 10 
cm tall respirometry collars (7 cm diameter PVC sections) to each bole using silicon 
sealant and all collars were located at least 0.3 m from a bole end. 
 Beginning one week after collar attachment, we began measuring respiration 
rates using a Viasala respirometer (GMP343 CO2 probe, Vaisala Inc.).  We attached the 
respirometer to each collar for 5 minutes and recorded CO2 (ppm) every 15 seconds.  We 
removed the initial portion of each recording (ca. 15-45 seconds) because of 
inconsistency and we approximated respiration rates as the slope of the linear CO2 
accumulation curve during the remaining portion of the recording period (Bréchet et al. 
2017).  To control for temporal variability and estimate baseline respiration rates of 
wood decomposer communities, we measured respiration of each bole three times over a 
two-week period.    
All respiration measurements were taken during the wet season (June-July 
2016).  Rainfall (June = 326.5 mm; July = 486.8 mm) far exceeded potential 
evapotranspiration (June = 48.5 mm; July = 45.4 mm) during these months, and this 
typical pattern causes soil moisture (and presumably wood moisture) to be consistent 
among years (Steve Paton, STRI Environmental Monitoring Program, pers. com.).  These 
measurements primarily capture microbial effects on decomposition and they are 
representative of the conditions underlying the majority of carbon mineralization.  
Specifically, decomposition occurs much more rapidly during the wet season than the 
dry season in this forest (Wieder and Wright 1995), and the wet season is twice as long as 
the dry season.  However, the effects of infrequent fragmentation events and transient 
invertebrates are not captured by this method given its small spatial and temporal scale. 
 We estimated the current density of these boles using a dynamic penetrometer, as 




penetrometer vertically into each bole ca. 5 cm from the respirometry collar and 
measured the distance of penetration.  We estimated density using the relationship 
between penetration and wood density previously established for CWD in this forest 
(Larjavaara and Muller-Landau 2010).  To create a proxy for decomposition state, we 
then calculated bole density (%) as the percent of original density remaining (hereafter 
bole density remaining; original density estimated using the global wood density 
database, Chave et al. 2009).  Although the variability of penetrometer measurements 
can increase with decomposition stage (Oberle et al. 2014), they are more accurate on a 
case-by-case basis than other non-destructive techniques that consider both void space 
and heterogeneity in wood density (Larjavaara and Muller-Landau 2010). 
Sensitivity to nutrient addition 
 To quantify nutrient limitation of wood respiration among litter treatments, we 
installed a second respirometry collar on a subset of the boles (litter addition: n = 9: 
litter control: n = 6, litter removal: n = 5).  The added collars were at least 1 m apart from 
the original collars to reduce the likelihood of short-term nutrient translocation.  We 
used all boles that met two criteria: 1) the trees had died > 3 years previously, and 2) they 
were either long enough to support two collars or separated into two large fragments. We 
chose boles that were > 3 years old (hereafter old boles) to focus on late-stage 
decomposition (i.e., longer than typical decomposition studies).  
 After concluding our baseline wood respiration measurements, we performed a 
one-time fertilization of each bole to test for sensitivity to nutrient addition.  Specifically, 
one collar per bole received 50 mL of nutrient solution (hereafter NPK addition) and the 
other collar received 50 mL of distilled water (H2O addition).  The nutrient solution 
contained total amounts of N, P, and K commonly used in other fertilization experiments 




equivalent of 125 kg N ha-1 (as NH4Cl), 60 kg P ha-1 (as KH2PO4), and 75 kg K ha-1 (as 
KH2PO4).  Respiration rates were measured 3, 11, and 18 days after treatment 
application.   
 Differences in chemical composition and the historic interactions with biotic or 
abiotic factors (e.g., insects, pathogens, and soil contact) are important to bole 
decomposition, yet they were unknown in this study.  By pairing NPK and water 
treatments, our intent was to control for chemical composition and bole history. We 
assessed the magnitude of the respiration response to NPK and water addition by 
calculating the percentage change in respiration rates from average pre-treatment 
respiration of each collar. 
Core collection and elemental analysis 
 We also compared the elemental composition of each fertilized bole prior to NPK 
and H2O addition. We collected a small core (2 cm diameter, 2 cm depth) from the top of 
each bole and 5 cm from each respirometry collar.  Wood cores were oven-dried (60˚C) 
and ground with a Wiley-Mill before chemical analysis.  Total carbon and nitrogen were 
determined by elemental analysis (Thermo Flash EA1112, CE, Elantech, Lakewood, NJ, 
USA), while concentrations of mineral elements (P, K, Na, Zn, Ca, Mn, Mg, Al, B, Cu, Fe) 
were determined by nitric acid digestion at 180°C under pressure in PTFE vessels, with 
detection by inductively-coupled plasma optical-emission spectrometry (ICP-OES) on an 
Optima 7300 DV (Perkin Elmer, Inc, Shelton, CT).  Analytical quality was confirmed in 
both procedures using the NIST peach leaves standard.  All elemental analyses were 





 Analyses were performed in the R statistical environment (R Core Team 2016) 
using the lme4 and lmertest packages for logistic regression and linear mixed effects 
models (Bates et al. 2014, Kuznetsova et al. 2016) and the vegan package for multivariate 
analyses (Oksanen et al. 2007).  The significance of each term in the models was 
determined by comparing nested models with likelihood ratio tests.  We sequentially 
dropped terms according to AICs and likelihood ratio p-values until a minimum 
adequate model was identified (Pinheiro and Bates 2000, Bolker et al. 2009).  Finally, 
we examined residuals to confirm appropriate model fit. 
 We compared the likelihood of complete decomposition of boles among litter 
manipulation treatments using the initial bole survey data.  We used a generalized linear 
mixed effect model (glmer function; logistic regression) with a binary response variable: 
either the bole was present in 2016 or had completely decomposed.  We approximated 
bole “size” at the time of death as the product of basal area and density (cross-sectional 
mass) because basal area and initial density were correlated and would violate the 
assumption of independence (R = -0.36, t = 5.57, df = 212, p < 0.001).  We included litter 
treatment, bole age, and cross-sectional mass as fixed effects and plot as a random effect.  
The random effect 'plot' did not affect the fit of the model, likely because the tested 
phenomenon occurs at a smaller scale than a plot, and therefore we removed this term to 
identify the minimum adequate model.  The grouping effect 'plot' was removed from all 
other linear models after being similarly tested.  The interactions between cross-
sectional mass and the other predictors were sequentially dropped because they did not 
affect the fit of the model.  To further investigate the interaction between litter 
manipulations and bole age, we performed pairwise comparisons among litter 
treatments with the same three main effects as above and the interaction effect between 




to improve the model fit.  Finally, we used the Bonferroni correction to account for 
multiple comparisons using the same data.  
 Although tree species characteristics (e.g., chemical composition and wood 
density) influence decomposition, we could not directly account for tree species in our 
linear models because species were not evenly distributed across litter treatments (71 of 
74 species were present in ≤1 replicate set of plots).  Alternatively, we considered the 
species composition of dead trees among litter treatments using perMANOVA (Bray-
Curtis distance) and pseudo-F values.  The perMANOVA included litter treatment and 
bole status (completely decomposed or remaining in 2016) as fixed effects and plot as a 
random effect.  We also performed blocked indicator species analysis (PC-ORD v6.08) 
for bole status to identify tree species with particularly labile or recalcitrant wood and to 
statistically control for the effects of litter treatment (Dufrene and Legendre 1997).  Apart 
from these multivariate tests, we accounted for species effects using species-specific 
density in the logistic regression and elemental composition in models for the NPK and 
H2O manipulation experiment.   
 We used a linear mixed effects model (lmer function) to compare respiration 
rates among litter treatments.  For boles that supported two respiration collars, we used 
the means of measurements that occurred on the same day.  As respiration rates are 
influenced by wood decay status and decomposition rates differed among treatments 
(see results), we used bole density remaining (defined above) instead of bole age as a 
proxy for decomposition status.  The initial model therefore included litter manipulation 
treatment and bole density remaining as fixed effects and the unique bole identifier 
nested within plot as random effects.  We tested for differences among litter treatments 




 We used this same model to compare the elemental concentrations of boles used 
in the NPK limitation experiment.  We also considered interspecific differences in 
chemical composition by exploring differences in elemental composition among 
fertilized boles with a Principal Components Analysis using standardized variables 
(Table 6).  We fit each input variable as a vector to the ordination (envfit function) to 
visually display which elements best explained the separation of boles along the first two 
ordination axes.  
 Finally, we compared the change from baseline respiration rates among litter 
treatments after NPK and H2O addition using a repeated measures mixed-effect model.  
Litter manipulation and NPK/H2O treatment were included as fixed effects, and both 
plot and unique bole identifier were random effects.  For repeated measures covariance, 
bole identifier was the subject and the days post-treatment was the repeated measure.  
We included the scores from the first two PCA axes as covariates to account for 
differences in elemental composition.  The bole identifier term standardized our nutrient 
addition comparisons within a single bole and thereby accounted for the effects of bole 
history and chemical composition when comparing NPK and H2O treatments (analogous 
to the structure of a paired t-test).  To further explore the interaction effect between litter 
manipulations and nutrient addition, we made pairwise comparisons between nutrient 
additions within each litter addition treatment. 
RESULTS 
Bole decomposition 
 The likelihood that boles decomposed completely was affected by the initial size 
of the bole, bole age, and the litter treatment.  In all cases, the likelihood of 
decomposition increased with lesser initial cross sectional mass (χ21 > 28.46, p < 0.001, α 




the likelihood of a bole completely decomposing during the 15-year study was not 
consistent among the three litter manipulation treatments (treatment x bole age 
interaction: χ22 = 6.67, p = 0.036, Figure 5).  Specifically, the pattern of bole 
decomposition with increased bole age differed between the control and litter removal 
treatments (pairwise treatment x bole age interaction: χ21 = 5.86, p = 0.015, α = 0.0167).  
Decomposition was similar between control and litter removal plots in the short-term, 
but the long-term probability of complete decomposition in control plots was 
substantially higher than in removal plots (Figure 5).  The probability of complete 
decomposition was marginally significantly greater in the litter addition treatment than 
in the litter removal treatment (pairwise comparison: χ21 = 5.42, p = 0.02, α = 0.0167), 
whereas bole decomposition was similar in the litter addition and control treatments 
(pairwise comparison: χ21 = 0.016, p = 0.899, α = 0.0167).   
Tree species effects 
 Neither tree species nor species-related characteristics influenced differences in 
the probability of decomposition among litter treatments.  Both predictors in the best-fit 
model, bole age (χ22 = 1.94, p = 0.38) and initial cross-sectional mass (χ22 = 4.07, p = 
0.13), did not differ among litter treatments.  Moreover, tree species composition was 
similar among litter treatments (pseudo-F2,23 = 0.54, p = 0.99, Appendix II: Figure S1).  
By contrast, the composition of tree species that had completely decomposed during the 
15-year study differed from the tree species that remained in 2016 (pseudo-F1,23 = 2.24, p 
= 0.001).  Indicator species analysis revealed that Tetragastris panamensis (IV = 38.5, p 
= 0.021), Lonchocarpus heptaphyllus (IV = 30.8, p = 0.048), and Zanthoxylum 
acuminatum (IV = 30.8, p = 0.058) had a large proportion of boles remaining and thus 




42.9, p = 0.017) was indicative of completely decomposed boles and therefore was 
identified as a species with particularly labile wood. 
Wood respiration and NPK addition 
 Respiration rates from decomposing wood differed among litter treatments (χ22 = 
8.63, p = 0.013, Figure 6).  Specifically, wood respiration rates in control plots were 
approximately 60% greater than those in litter removal plots (Tukey HSD: z = 2.83, p = 
0.013).  Wood respiration rates in litter addition plots were intermediate and did not 
differ significantly from either control or litter removal plots (Tukey HSD: z < 2.06, p > 
0.10).  Respiration rates were unaffected by bole density remaining (χ21 = 0.39, p = 0.53, 
α = 0.0167).   
 Changes in respiration rates in response to NPK and H2O additions differed 
among litter treatments (Figure 7, litter treatment x NPK/H2O addition interaction: χ22 = 
10.61, p = 0.005, α = 0.0167).  NPK addition increased wood respiration rates more than 
H2O addition in the litter removal (χ21 = 7.13, p = 0.008, α = 0.0167) and litter addition 
plots (χ21 = 12.85, p < 0.001, α = 0.0167).  By contrast, the NPK addition did not change 
wood respiration rates more than H2O in the control plots (χ21 = 1.06, p = 0.304, α = 
0.0167).  Regardless of treatment, scores from PCA axes 1 and 2, representing bole 
chemical properties, were not related to changes in respiration (χ21 < 0.671, p > 0.413).  
Respiration rates of NPK and H2O treatments were consistent between 3 and 18 days 
post-treatment (X21 < 1.75, p > 0.417) and bole density remaining did not differ among 
treatments (X22 = 2.75, p > 0.254). 
Wood chemistry 
 The first two PCA axes from the ordination of bole chemical properties explained 




from litter addition and removal treatments separated along PCA axis 2, but there was 
no clear separation between either litter treatment and the controls.  PCA axis 2 loadings 
(loading > 0.3) indicated that concentrations of Ca, K, Mg and Na were higher in litter 
addition boles, whereas B, C, N, and Zn were all greater in the litter removal boles (Table 
6).  PCA axis 1 (31% of variation) explained nearly twice as much variation in elemental 
composition as PCA axis 2 (17% of variation), but axis 1 was not clearly related to 
differences among litter treatments. 
 Despite apparent differences in ordination space, concentrations of individual 
elements in old boles were generally similar regardless of treatment (Table 5).  Neither N 
concentrations nor ratios of C:N and C:P differed among treatments (χ22 > 4.58, p > 0.1).  
Na concentrations were lower in litter removal plots relative to litter addition plots (χ22 = 
8.23, p = 0.016, Tukey: t = 2.78, p = 0.015), but Na concentration in the litter 
manipulations did not differ from controls (Tukey: t < 1.53, p > 0.27).  Similarly, there 
was a trend towards lower K in the litter removal plots relative to the other treatments 
(χ22 = 5.15, p = 0.08) and K concentrations were weakly related to bole density remaining 
(χ22 = 2.83, p = 0.09).  C and Cu concentrations exhibited interaction effects between 
bole density remaining and litter treatments (χ22 > 8.19, p < 0.017).  However, these 
interaction effects were largely due to a single high-leverage outlier, and thus it is 
unlikely that they indicate a biologically relevant response.  Concentrations of all other 
elements (P, Zn, Ca, Mn, Mg, Al, B, Fe) were similar among treatments (χ2 < 4.06, p > 
0.13).  Calcium and K concentrations were correlated with bole density remaining (χ21 > 
5.7, p < 0.02), but bole density remaining was unrelated to nutrient concentrations for 





 The controls of CWD decomposition, particularly exogenous factors such as 
nutrient availability, remain poorly understood.  Here we provide experimental evidence 
that litter is important to CWD decomposition and that the effects of litter manipulation 
on wood decomposition are mediated by nutrient availability.  These differences in 
decomposition outcomes were only apparent after 6 years (Figure 5), and the directional 
differences in these outcomes among litter treatments were counter to a previous, co-
located experiment using small substrates over a short time frame. 
 Greater availability of macronutrients is generally expected to increase 
decomposition rates, but relevant data for CWD are lacking (Harmon et al. 1986, Chen et 
al. 2015).  A previous short-term study (70 days) in the GLiMP plots concluded that 
increased nutrient availability explained faster rates of birch stick decomposition in the 
litter addition treatments relative to removal and control treatments (Sayer, Tanner and 
Lacey 2006).  By contrast, respiration rates (Figure 6) and long-term CWD 
decomposition (Figure 5) did not differ between the litter addition and control 
treatments in our study.  In terms of nutrients, decomposer respiration rates in the litter 
addition plots were relatively nutrient limited (Figure 7) despite greater soil inorganic N 
and resin-P measured previously.  It is likely that differences between our study and the 
earlier study from these same plots (Sayer et al. 2006) were caused by substrate effects 
(decomposition of birch sticks versus CWD) and a difference between the short and long-
term effects of litter manipulations, as suggested by the interaction effect between litter 
treatment and bole age (Figure 5). The moderate increases in soil nutrients did not 
influence long-term decomposition, and the contrasting results demonstrate that short-
term and small-scale experiments (such as Sayer et al. 2006) are not necessarily 




 Results from the litter removal plots provide direct and indirect evidence that 
reduced soil nutrients decreased long-term rates of CWD decomposition.  The 
importance of soil nutrients during CWD decomposition was clearly established by 
previous work (Swift 1977, Zimmerman et al. 1995), and experiments at our study site 
demonstrated that P and K limit decomposition of more labile substrates (Kaspari et al. 
2008).  Without litter inputs, long-term decomposition rates decreased, soil P 
concentrations were reduced (as were soil Ca, Mg, and inorganic N; Sheldrake et al. 
2017a), and there was a trend towards decreased K concentrations in old boles in the 
litter removal plots.  Moreover, experimental NPK addition provided direct evidence that 
the activity of wood decomposers in the litter removal plots is limited by N, P, and/or K 
availability (Figure 7).  Finally, there was a greater proportion of standing dead trees 
(snags) in the litter removal plots than in controls or litter addition plots (Appendix II: 
Table S2), suggesting that decreased decomposition rates increased snag residence time.  
This potentially explains the interaction between litter treatment and bole age – snags 
decompose more slowly than downed boles (Harmon et al. 1986, Song et al. 2017) and 
the accumulation of snags should have a positive feedback effect that further reduces 
long-term CWD decomposition rates.  Cumulatively, these results suggest that reduced 
nutrient availability decreased wood decomposition rates, and thus soil nutrient 
availability is important to long-term CWD decomposition. 
 Apart from N, P, and K, it is likely that other nutrients influence wood 
decomposition.  In the same forest used for our study, fertilization with a combination of 
other nutrients (B, Ca, Cu, Fe, Mg, Mn, Mo, S, and Zn) increased leaf litter 
decomposition more than N, P, and/or K (Kaspari et al. 2008).  The soil concentrations 
of two of these nutrients, Mg and Ca, were lower in the litter removal plots, but the 
relative concentrations of Mn, Al, and Zn were unchanged (Sayer et al. 2012, Sheldrake 




composition of boles differed between litter manipulations (Figure 8), but high variation 
in the concentrations of individual nutrients likely obscured biologically relevant 
differences among litter treatments (mean coefficient of variation ± SD: 108 ± 74).   
 Only sodium (Na) concentrations in boles differed among litter treatments 
(addition > removal, Table 5).  This is potentially important because Na influences 
decomposition (Kaspari et al. 2009) and catalyzes the use of N and P by soil 
invertebrates (Kaspari et al. 2017) and potentially other saproxylic eukaryotes.  A 
detailed investigation of how Na influences CWD decomposition was beyond the scope of 
this study, but our results suggest it is worthy of future exploration. 
 It is also likely that changes in microbial community structure decreased CWD 
decomposition rates in the litter removal plots.  Although total soil microbial biomass 
did not differ among litter treatments (Sayer et al. 2012), communities of arbuscular 
mycorrhizal fungi were significantly altered in the litter removals (Sheldrake et al. 2017a) 
and similar substrate addition experiments changed bacterial communities as well 
(Nottingham et al. 2009).  Reduced nutrient availability in the litter removal plots 
potentially limited fungal growth (Swift 1977, Kaye and Hart 1997, Sheldrake et al. 
2017a) and it is possible that the lack of litter substrate for decomposition decreased the 
biomass of fungal saprotrophs.  Without sufficient nutrients or substrate, the resulting 
fungal community is potentially optimized for other strategies (e.g., scavenging for soil 
nutrients and symbiosis with plants, Zimmerman et al. 1995, Sheldrake et al. 2017a; 
Sheldrake et al. 2017b) leading to reduced wood decomposition. 
 Tree species effects likely caused substantial variability within the patterns 
observed in our study.  Although bole species composition was similar among litter 
treatments (Appendix II: Figure S1), most species had low replication and thus the 




recalcitrant tree species and one relatively labile species.  The separation of these species 
suggests that shade-tolerant species (e.g., Tetragastris panamensis and Lonchocarpus 
heptaphyllus) are likely to have recalcitrant wood, whereas certain pioneer species have 
particularly labile wood (Cordia bicolor; Ruger et al. 2009).  However, these results were 
potentially influenced by unbalanced sample sizes.  Wood density and concentrations of 
nutrients, lignin, and other compounds differ among species and profoundly affect 
decomposition (reviewed by Harmon et al. 1986).  Consequently, we used proxy 
variables (wood density and chemical composition) to consider the role of tree species.  
Given these considerations, our results demonstrate that the influence of litter 
manipulation was strong enough to emerge despite unstructured variation in tree species 
composition between treatment blocks. 
 Temporal differences in bole selection, year-to-year decomposition dynamics, 
and environmental effects potentially influenced the patterns observed in our study.  
Boles omitted from this study tended to be smaller and denser than boles that were 
retained (Appendix II: Table S1), and respiration measurements required structurally 
stable boles that are likely more recalcitrant than average.  However, both of these 
differences were consistent among litter treatments and unlikely to affect the observed 
differences in decomposition.  Given that our study was performed across a 
chronosequence, we only captured outcomes of long-term decomposition, which we 
related to single time-point measurements of respiration and relative differences in 
nutrient limitation.  Thus possible year-to-year differences in decomposition within and 
among litter treatments were not considered.  Moisture and temperature are important 
controls of decomposition, but previous measurements indicated that neither soil 
moisture content nor temperature differed among litter treatments (Sayer and Tanner 
2010b).  Given the unusually large sample size (n = 214) and multiple lines of evidence, it 




in the litter removal plots.  However, these sources of error could have obscured other 
biologically significant responses, such as our unsupported prediction that increased 
nutrient availability in the litter addition plots would increase decomposition and 
respiration rates. 
 In general, studies of wood decomposition aim to understand how carbon and 
other nutrients return to the atmosphere and biosphere.  Short-term studies of small 
substrates provide a great foundation for understanding how endogenous (e.g., size, 
chemical composition, density) and exogenous (e.g., nutrient availability, climate, 
organismal effects, and their complex interactions) factors control wood decomposition 
(reviewed by Harmon et al. 1986, Cornwall et al. 2009).  However, CWD comprises the 
majority of all wood mass and, to date, studies of factors that control long-term 
decomposition of entire boles are limited to the effects of substrate characteristics 
(species, size, density, and chemistry; Lang and Knight 1979, Brias et al. 2006, van 
Geffen et al. 2010) and climate (Chambers et al. 2000, Přívětivý et al. 2016).  
Conspicuously missing from the literature are experimental manipulations of exogenous 
factors, such as nutrient availability, that influence CWD decomposition. 
Using litter manipulations, we provide evidence that soil nutrients are partially 
responsible for maintaining long-term rates of CWD decomposition, but moderate 
increases in soil nutrient availability do not meaningfully affect decomposition or wood 
respiration.  Moreover, our results suggest that short-term studies potentially miss 
biologically important effects.  To improve our understanding of decomposition and 
carbon cycling, further experimental manipulations of CWD decomposition are 
necessary, particularly investigations into the roles of exogenous nutrient availability, 




long-term CWD experiments be paired with more traditional manipulations of small 








Table 5. Elemental concentrations (±SE) of old boles distributed among the three litter 
manipulation treatments prior to NPK addition.  Superscript letters denote differences 
among treatments.  Sample sizes (N) indicate the number of total samples, but two 
separate samples were taken from each individual bole. 
Elements Control (N = 12) 
Litter 
Addition 
(N = 18) 
Litter 
Removal 
(N = 10) 































































Table 6. The PCA loadings for axes 1 and 2 reported along with the results of vector 
fitting for each variable (R-squared).  These values are from older boles used in the NPK 
limitation experiment before they were treated with aqueous NPK. 




Al 0.95 -0.04 0.81 
B 0.61 -0.35 0.44 
C -0.58 -0.47 0.50 
C:N -0.39 0.59 0.44 
Ca 0.33 0.53 0.35 
Cu 0.32 0.00 0.09 
Fe 0.95 -0.06 0.81 
K 0.42 0.54 0.42 
Mg 0.56 0.49 0.50 
Mn 0.96 0.00 0.81 
N 0.23 -0.75 0.54 
Na 0.02 0.77 0.53 
P 0.58 0.14 0.31 
Zn 0.71 -0.48 0.64 








Figure 5. The log odds of complete decomposition (with 95% confidence interval) for 
boles in different litter manipulation treatments considering both their age and initial 
cross-sectional mass (litter removal: triangles and dashed line; litter control: squares and 
solid line; litter addition: circles and dotted line) across a 15 year chronosequence of tree 
death in lowland tropical forest in Panama.  Greater log odds correspond with greater 
likelihood of complete decomposition, whereas lesser log odds indicates reduced 
likelihood of decomposition. 
Figure 6. Average wood respiration rates (CO2 efflux ± 95% confidence interval) of 
decomposing boles in litter addition, litter removal and control treatments (n= 28 for 
each litter treatment). 
Figure 7. Change in wood respiration (%) for older boles (> 3 years old) in response to 
both NPK and water addition.  Changes in respiration presented here are averages from 
three different measurement periods over 18 days.  The treatments were divided among 
litter addition (circles and dotted line), litter removal (triangles and dashed line), and 
litter control treatments (squares and solid line). 
Figure 8. PCA ordination of the elemental concentrations of boles from the NPK 
limitation experiment.  Each point represents the average elemental concentrations of a 
bole and boles are grouped by litter manipulation treatment.  Vectors indicate the 
direction and magnitude of correlations (R2 > 0.3) among elemental concentrations of 
each bole (Table 6).  Note that Mn, Fe, and Al overlap in the positive direction along the 
X axis.  Ellipses are the 95% confidence interval wherein the centroid for boles of each 





























DECOMPOSITION FROM THE GROUND TO THE CANOPY OF A TROPICAL FOREST: 
A VIEW OF MICROBIAL COMPOSITION AND FUNCTION 
 
SUMMARY 
 Carbon cycling models typically focus on regional abiotic conditions and local 
biotic effects as key drivers of variation in wood decomposition rates.  However, at least 
half of all dead wood decomposes in situ above the forest floor, and the local processes 
regulating decomposition of suspended wood remain unclear.  Here I used standardized, 
sterile wood sticks to quantify vertical patterns of microbial (fungal and prokaryotic) 
community structure, wood decomposition rates, and microclimatic conditions in a 
tropical forest.  The successional trajectories of saproxylic fungal and bacterial 
communities were strongly correlated, and differed compositionally and functionally 
along a vertical forest gradient.  Patterns of phylogenetic dispersion suggest that 
environmental filtering regulates microbial community assembly in the forest canopy, 
whereas competitive interactions are more important on the forest floor.  A mechanistic 
model showed that decomposition rates vary predictably based on microclimate 




also regulate community assembly, microclimate is the primary factor controlling local 
rates of decomposition in this forest.  Collectively, these results indicate that 
environmental factors regulate decomposition across all spatial scales, challenging the 
ground-based assumption that biotic processes are more important locally.  
Understanding the relative contributions of environmental and biotic factors to 
decomposition across forest height will inform carbon cycling models. 
 
INTRODUCTION 
 Carbon cycling models rely on the accurate quantification of decomposition rates 
across multiple spatial scales (Adair et al. 2008, Bradford et al. 2014).  Dead wood is 
particularly important to these models as it constitutes 73 ± 6 Pg C globally and 
contributes 10-20% of CO2 emissions from tropical forests – the largest global terrestrial 
carbon sink (Brown 1997, Pan et al. 2011, Palace et al. 2012).  It is widely accepted that 
abiotic factors control decomposition globally, whereas biotic effects (wood traits and 
decomposer organisms) regulate decomposition at regional and local scales (Parton et al. 
2007, Adair et al. 2008, Cornwell et al. 2009, Bradford et al. 2014, Zanne et al. 2015).  
However, evidence for these patterns comes almost entirely from measurements of 
ground-level decomposition.  This approach is somewhat flawed because, at any given 
time, at least half all dead wood is decomposing above the forest floor (either as elevated, 
suspended, or standing dead wood – hereafter collectively referred to as suspended dead 
wood; Ovington and Madgwick 1959, Christensen 1977, Gora and Muller-Landau in 
prep).  Without information regarding the decomposition of suspended dead wood, the 
local factors that regulate wood decomposition are essentially unknown. 
One of the most important local regulators of decomposition rates, microbial 




from the ground to the canopy of tropical forests.  This vertical gradient is characterized 
by dramatic differences in abiotic factors, and microbial taxa depend on specific habitat 
conditions for successful colonization (i.e., environmental/habitat filtering; Kivlin et al. 
2014, Freedman and Zak 2015).  Specifically, environmental conditions shift from a wet 
and dark environment on the forest floor to an arid environment with extreme exposure 
to sunlight, a natural disinfectant, in the canopy (Juniper 1991, Beattie and Lindow 1995, 
Parker 1995).  Propagule pressure (e.g., fungal spore density) also decreases with canopy 
height due to differences in dispersal distance and abilities (i.e., dispersal limitation; 
Gilbert and Reynolds 2005, Nemergut et al. 2013, Albright and Martiny 2017).  Because 
habitat filtering likely increases with height and typically exhibits a trade-off with 
competitive interactions (Tilman 1988, Webb et al. 2002), competition should be 
relatively more important to community assembly on the forest floor than at higher 
vertical positions. 
 Variation in microbial community assembly has important effects on 
decomposition rates (Fukami et al. 2010, Fukami 2015).  In most cases, the assemblage 
structure of saproxylic (i.e., dead wood inhabiting) fungi is the principal determinant of 
wood decomposition rates (Boddy et al. 1989, van der Wal et al. 2015).  Co-occurring 
prokaryotes also influence decomposition both directly and via interactions with fungi 
(reviewed by Johnston et al. 2016).  Although vertical patterns of saproxylic microbial 
composition are poorly described, both decomposition rates and microbial diversity tend 
to decrease above the forest floor.  Small branches decompose slower when suspended in 
the understory than on the forest floor (Fasth et al. 2011), and even “downed” logs that 
are partially elevated decompose ca. 40% slower than those with more soil contact 
(Přívětivý et al. 2016).  Morphospecies surveys suggest that the diversity of saprotrophic 
fungi decreases with increasing height (Stone et al. 1996, Unterseher and Tal 2006; 




to decline with height within forests (Andrews et al. 1980, Griffin and Carson 2015), but 
research on bacterial communities in forests is still a young field (Lambais et al. 2006, 
Kembel et al. 2014); to my knowledge there is no information regarding the vertical 
distribution of saproxylic prokaryotes.  Moreover, variation in relationships between any 
combination of decomposition, microbial communities, and abiotic conditions along 
vertical gradients within forests remain unexplored.  Here, I provide the first 
quantitative assessment of such variation. 
 I hypothesized that variation in rates of wood decomposition along vertical 
gradients within tropical forests is associated with microbial community structure.  To 
test this hypothesis, I quantified differences in microclimate, decomposition rates, and 
microbial community structure (i.e., richness, diversity, composition) at multiple points 
between the ground and the emergent layer of a tropical forest.  I evaluated three specific 
predictions.  First, I expected that decomposition rates along this vertical gradient are 
strongly correlated with fungal community composition, but only weakly associated with 
microclimate and bacterial composition.  Second, I predicted that bacterial composition 
shifts from primarily decomposers on the forest floor to primarily photosynthetic and 
nitrogen fixing taxa in higher levels of the forest.  Finally, I expected phylogenetic 
dispersion to reflect a vertical shift in the dominant community assembly process from 
competitive interactions on the forest floor to environmental filtering on suspended dead 
wood.  I tested this hypothesis over two years using a decomposition experiment in a 
lowland tropical forest. 
METHODS 
Study site 
 All field work was performed in the seasonally moist lowland tropical forest on 




temperature is 26˚C and mean annual rainfall is ca. 2600 mm, concentrated during a 
long wet season (mid-May to December).  Additional details about the site are provided 
elsewhere (Croat 1978, Leigh 1999). 
Experimental substrates 
 I focused my measurements on 10 emergent trees that are seasonally deciduous 
(9 Pseudobombax septenatum and 1 Cavanillesia platanifolia, Appendix III: Tables S1-
2).  Sampling was conducted along vertical transects on each tree in a randomized 
complete block design.  Specifically, I recorded data at five vertical positions: forest floor 
(or leaf litter), understory, subcanopy, canopy, and emergent, following historical uses of 
this terminology (Parker 1995).  I based the location of each position on the relative 
height of surrounding vegetation and used the single-rope climbing method to conduct 
sampling at same locations over 2 years (Perry 1978).  In the dry season of 2015, I 
measured decomposition, moisture mass, and microclimate (see below) in only 5 trees, 
but all 10 trees were used for remaining data collection (Appendix III: Table S1). 
 Using a traditional litter bag technique (Bocock and Gilbert 1957), I quantified 
decomposition as mass loss from standardized cellulose (9 cm diameter, Whatman 
quantitative filter paper) and wood popsicle stick substrates (11.5 x 1.0 x 0.15 cm, Betula 
sp.).  Before placement in the field, substrates were sterilized with ethanol, oven dried, 
and weighed to the nearest 1.0 mg on an electronic balance.  They were then separated 
within mesh litter bags (0.5 cm diameter mesh) and placed within the leaf litter or 
attached to tree trunks using insulated wire and nails at each relative vertical position.  
To compare seasonal patterns of decomposition, the litter bags remained at each tree for 
only the wet season (May-November 2015, June-November 2016) or dry season 




Within 5 hours of collection, samples were cleaned to remove attached soil before 
being weighed to the nearest 1.0 mg to record wet mass.  I then dried samples at 60˚C to 
a constant weight, which I recorded as dry mass.  Decomposition was estimated as the 
percent of initial mass lost.  Moisture content (%) equaled the difference between final 
wet mass and final dry mass, divided by final wet mass.  Nearly all samples decomposed 
naturally; however, some samples were omitted from analyses because they were badly 
disturbed or displaced to unreachable locations (e.g., by monkeys or treefalls; Appendix 
III: Table S1).  
Microclimate 
 I measured microclimate during a 24-hmy cycle at each location using an 
environmental data logger (HOBO H08-004-0 with TMCx-HD thermometer, Onset 
Computer Corporation).  The data loggers measured temperature (˚C) and light intensity 
(lumens) at 10 minute intervals.  During each 24-hmy cycle, data were simultaneously 
recorded at all 5 relative vertical positions in a single tree.   
Respiration measurements 
 I measured respiration from wood sticks (hereafter wood respiration) to estimate 
microbial activity and abundance.  At the end of the 2016 wet season, wood sticks were 
placed in a cylindrical PVC respirometry chamber (20cm length, 7cm diameter) with an 
attached respirometer (GMP343 CO2 probe, Vaisala Inc.).  I then recorded CO2 (ppm) 
every 5 seconds over a 5 minute period and calculated the CO2 flux per gram of the 
remaining wood substrate.  The initial portion of each recording (ca. 15-45 seconds) was 
ignored to allow stabilization. Respiration rates were approximated as the slope of the 
linear portion of the resulting CO2 accumulation curve (Bréchet et al. 2017).  To avoid the 
confounding effect of photosynthesis, wood sticks were allowed to acclimate to the 




Microbial community sampling 
 I collected and stabilized microbial DNA from wood sticks at the conclusion of 
the wet season in 2015.  I stabilized DNA in the field to minimize community turnover 
during transport from field sites to the lab.  Wood sticks were retrieved via climbing and 
then placed on a stainless steel sampling platform.  The platform was sterilized with 
ethanol, remnant DNA was oxidized with hydrogen peroxide, and the surface was dried 
with sterile gauze.  I then used a 2 mm bit and a battery powered drill (DCD780C2 20V, 
DeWalt) to grind the wood into a fine powder.  DNA from this wood powder was 
immediately stabilized using Xpedition Soil/Fecal DNA MiniPrep extraction kits (Zymo 
Research, Inc) and the microbial cells were pulverized via bead beating (1 minute).  All 
samples were then returned to the lab and frozen at -40˚C until extraction was 
performed according to manufacturer’s protocols. 
 Community structure was assessed separately for prokaryotes (archaea and 
bacteria) and fungi using DNA barcoding.  With the DNA stabilized above, I amplified 
the V2 region of the bacterial/archaeal 16S ribosomal gene (primers: S-D-Arch-0519-a-
S-15 and S-D-Bact-0785-b-A-18; Klindworth et al. 2013) and the fungal ITS1 region 
(primers: ITSF-1 and ITS2; McGuire et al. 2013). The S-D-Arch-0519-a-S-15 and ITS-F1 
primers were modified to include a 16 bp M13 sequence (GTAAAACGACGGCCAG) at the 
5’ end to allow for the attachment of a unique 12 bp barcode in a subsequent PCR 
reaction.  Barcoded amplicons were cleaned and product was standardized using 
SequalPrep Normalization plates (ThermoFisher, Inc; Harris et al. 2010).  Amplicons 






Illumina sequencing reads were analyzed and demultiplexed using QIIME 
(Caporaso et al. 2010).  Sequencing reads that contained errors in the barcoded region, 
ambiguities, homopolymers (greater than six nucleotides in length), or an average 
quality score < 25 were discarded.  Primer sequences were trimmed, and chimeric 
sequences were eliminated using USEARCH (version 6.1) and the “gold” reference 
database for bacterial and archaea (Edgar 2010), and the UNITE reference data base for 
fungi (Kõljalg et al. 2013).  All sequences were clustered into de novo operational 
taxonomic units (OTUs) at 97% similarity.  Bacterial and archaeal taxonomic 
classification was assigned via the SILVA reference database (release 119, Quast et al. 
2012) using the pyNAST alignment algorithm.  Fungal taxonomic classification was 
assigned using the UNITE reference database (version 7.1, Kõljalg et al. 2013). 
 Singletons and sequences that could not be assigned Phyla-level taxonomy were 
omitted (Leff 2016).  To account for differences in sampling depth, I rarefied samples to 
2635 sequences and 764 sequences for bacterial and fungal taxa, respectively.  When 
possible, I assigned putative functional guilds to fungal OTUs using FunGuild (Nguyen et 
al. 2016).  
Statistical analyses 
 Most analyses were performed in the R statistical environment (R Core Team 
2017).  For mixed effect models, I performed nested model reduction based on AIC 
values and P-values from likelihood ratio tests.  However, if all random effects were 
removed because they did not contribute to the model, I compared model fit using F-
statistics instead.  In all cases, I examined residuals to confirm appropriate model fits.  I 
used the Bonferroni correction to correct for multiplicity and I report alpha when 




 I compared total decomposition as recorded at the end of the dry and wet seasons 
of 2015 and 2016.  I included season (wet or dry), relative vertical position, and their 
interaction as fixed effects.  I also included year (2015 or 2016) and the unique tree 
identifier (hereafter tree ID) as random grouping effects.  Year did not contribute 
meaningfully to the fit of any model, but tree ID was often statistically important.  For 
wood sticks, there was an interaction between relative vertical position and season, 
indicating that differences among vertical positions were not consistent between 
seasons.  Consequently, I analyzed wood decomposition separately for the wet season 
and the dry season.  I compared OTU richness, diversity indices (Shannon-Weiner for 
fungal functional groups and beta diversity), and the relative abundance of taxonomic 
orders of microbial taxa (only those with >1.5% relative abundance) using mixed effect 
models of similar construction; relative vertical position was a fixed effect and tree ID 
was a random effect.  
 I compared overall community structure and microclimate using Primer (Ver. 
7.0.13) and R (package vegan).  All analyses used vertical position as a fixed effect and 
tree ID as a random effect (9999 permutations).  The environmental parameters input to 
the PCA were maximum light intensity, average light intensity, maximum temperature, 
minimum temperature, average temperature, and wood moisture content from 2015.  
Environmental data were re-scaled (0-1) and I used Euclidean distance for 
environmental comparisons.  Microbial community data were square root transformed 
before calculating Bray-Curtis dissimilarity.  I used the community distance matrices to 
generate ordinations (non-metric multidimensional scaling or NMS) for both bacteria (2 
NMS axes) and fungi (3 NMS axes).  I fit vectors to these ordinations to visualize 
associations between the ordinations and either input variables (environmental and 
bacterial) or putative functions (fungi).  I then performed PERMANOVA of the 




relative vertical positions and individual trees (Anderson et al. 2008).  For the microbial 
communities, I also compared beta diversity among relative vertical positions using 
PERMDISP tests (Anderson et al. 2008).  PERMDISP tests calculate within vertical 
position dissimilarity in community composition and then compares the magnitude of 
dissimilarity among relative vertical positions (9999 permutations). Finally, I 
determined if bacterial and fungal communities co-vary by examining the correlation 
between the community dissimilarity matrices using a permutation-based Mantel test 
(Legendre and Legendre 1998). 
 I also tested a mechanistic model of wood decomposition using axes from the 
environmental and microbial ordinations.  Wet season wood mass loss from 2015 was 
the response variable and tree ID was again the random effect.  The fixed effect 
predictors were the first three axes of the environmental PCA from the wet season of 
2015, all three fungal NMS axes, and both bacterial NMS axes.  After selecting the best 
model using AIC criteria, I then performed dominance analysis to determine the relative 
contributions of significant terms (package relaimpo; Grömping 2006).  To determine if 
biota and environment can predict decomposition better than the physical location of the 
substrates, the fit of the final model was compared to an alternative that used only 
relative vertical position as a fixed effect. 
Analysis of bacterial phylogenetic dispersion 
 I compared phylogenetic dispersion among bacterial communities to evaluate the 
relative importance of competitive and environmental filters (package picante;Horner-
Devine and Bohannan 2006).  Functional similarity is associated with environmental 
filtering (Weiher and Keddy 1995), and functional similarity among taxa is negatively 
correlated with phylogenetic distance (Webb et al. 2002, Emerson and Gillespie 2008, 




phylogenetic tree generated using the clustalw method in QIIME (Price et al. 2009).  I 
calculated the mean pairwise distance (MPD) among all individuals because MPD is 
sensitive to tree-wide patterns of phylogenetic diversity (Webb et al. 2002).  Positive 
values of MPD suggest phylogenetic evenness and greater competitive filtering, whereas 
negative values indicate phylogenetic clustering and relatively greater environmental 
filtering.  I compared phylogenetic dispersion among vertical positions using the same 
mixed-effect linear model as described for indices of microbial diversity. 
RESULTS 
Vertical patterns of community composition and function 
 Fungal and bacterial communities exhibited directional turnover with increasing 
height in the forest (Figures 9-10; Appendix III: Tables S3-4).  With the exception of 
canopy-level fungi (which were similar to fungi at both the subcanopy and emergent 
positions), microbial community composition differed among all vertical positions.  The 
magnitude of dissimilarity increased with distance between vertical positions (See SI for 
statistical results).  These differences persisted despite spatial autocorrelation wherein 
bacterial and fungal communities within each individual tree were more similar than 
expected at random.  Overall patterns of community similarity were strongly correlated 
between bacteria and fungi (Mantel test: R = 0.71, p < 0.001), indicating that these 
communities are ecologically linked and respond similarly to the same external factors. 
 Differences in microbial community structure along the vertical gradient were 
largely due to turnover; i.e., differences in taxa identity, rather than diversity or richness, 
were primarily responsible for the observed vertical patterns.  Bacterial OTU richness 
decreased with increasing height and fungal beta diversity was greater on the forest floor 
than in the subcanpy or above (Table 7).  However, there were no other differences in 




function of bacteria and fungi (Table 7).  By contrast, the most abundant orders of 
bacteria and fungi changed categorically with forest height (Tables 8-9).  The dominant 
taxa at each vertical position were also associated with different putative and inferred 
functions (Appendix III: Table S5). 
 Three broad and functionally-based microbial subcommunites were identifiable: 
the first occurs on the forest floor, the second is distributed across the understory and 
subcanopy, and the third exists in the canopy and emergent positions.  For fungi, the 
forest floor community was dominated by Agaricales and soil/litter saprotrophs, whereas 
an entirely distinct community of wood saprotrophs (Pleosporales and Polyporales) 
defined fungal communities in the understory and subcanopy (Table 8).  Fungal 
community composition was similar between the canopy and emergent positions where 
endophytes and pathogens were the prominent functional groups.  As for bacteria, 
phylogenetic evenness indicated that litter-level communities were uniquely structured 
around competitive interactions rather than just environmental filtering (Figure 11).  The 
greater importance of competitive interactions was also supported by the abundance of 
antagonistic competitors, such as bacterial pathogens (Xanthomonadales) and predators 
(i.e., Myxococcales; Figure 10).  Similar to fungi, the understory and subcanopy bacterial 
communities were dominated by decomposers that were relatively uncommon on the 
ground (Table 9).  The canopy and emergent communities were also dominated by these 
bacterial decomposers, but the other prominent orders were primarily photosynthetic 
(Chlorophyta) and nitrogen fixing (Nostocales) bacteria.  Overall, these patterns suggest 
that small woody debris functions as a substrate for competitive and saprotrophic 
interactions in the litter, mild saprotrophic activities in middle layers of the forest, and 




 I was unable to quantitatively assess Archaea because they were exceedingly rare.  
In total, I isolated only 41 archaeal sequences distributed among Nitrososphaerales (25 
sequences) and the candidate orders WCHD3-30 (2 sequences) and YLA114 (14 
sequences).  Archaea were concentrated on wood sticks in the leaf litter (80% of 
sequences) and, to a lesser degree, the understory (10%).  Only 4 sequences were isolated 
from higher vertical positions, and zero archaeal sequences were found at the emergent 
level of the forest. 
Phylogenetic evenness and dispersion 
 The phylogenetic dispersion of bacteria indicated differences in the strength of 
environmental and competitive filtering (Figure 11).  The phylogenetic evenness of 
bacterial communities in the leaf litter was not different from random, but evenness in 
the litter was significantly greater than all other vertical positions (dAIC = 19.2, X24 = 
27.2, p < 0.001; z > 4.1, p < 0.001).  By contrast, phylogenetic structure was similar 
among communities above the forest floor (z = 0.88, p = 0.91) and they exhibited 
phylogenetic clustering typically associated with strong environmental filtering. 
Microclimate 
 Wet season microclimate exhibited a pattern of vertical gradation similar to 
microbial community composition (Figure 12; Appendix III: Table S5).  The canopy 
positions separated along PCA axis 1 (54% of variation), indicating that these differences 
were caused by greater moisture content at lower levels of the forest and elevated levels 
of maximum and average light and maximum temperature at higher levels of the forest 
(Figure 12).  By contrast, PCA axes 2 (24% of variation) and 3 (13% of variation) 
generally explained differences within vertical positions and were associated with 
minimum and average temperature.  Differences in microclimate exhibited distinct 




0.001).  By contrast with the wet season, dry season differences in microclimate were 
driven by contact with the forest floor (pseudo-F4,16 = 7.44, p = 0.003; Figure S1).  Forest 
floor microclimate during the dry season differed from all higher levels (pseudo-t > 3.2, 
p < 0.011), but microclimate was similar among all levels above the forest floor (pseudo-t 
< 2.50, p > 0.076). 
Decomposition 
 Fungal composition and environmental variability were strongly associated with 
patterns of wood decomposition during the wet season of 2015 (F4,43 = 13.64, p < 0.001, 
α = 0.025; Table 10).  Two axes from each of the fungal and environmental ordinations 
were predictive of mass loss, and the combined effects of these axes were similar for 
fungi and environment.  Specifically, dominance analysis demonstrated that fungal 
composition and environmental variation explained 29% and 27% of the variation in 
decomposition, respectively (Table 10).  The combined effects of fungi and microclimate 
predicted decomposition rate (R2 = 0.56) better than relative vertical position alone (F4,43 
= 9.61, p < 0.001, α = 0.025, R2 = 0.47). 
 Mass loss from wood tended to be greater during the wet season, but did not 
differ seasonally in the upper reaches of the canopy, causing an interaction effect 
between vertical position and season (dAIC = 11.7, X21 = 19.7, p < 0.001; Figure 13).  
During the wet season, wood decomposed fastest on the forest floor (dAIC =33.5, X24 = 
41.5, p < 0.001; z > 4.4, p < 0.001, α = 0.025), but there were no other differences among 
vertical positions (z < 2.1, p > 0.229).  During the dry season (F4,57 = 7.1, p < 0.001, α = 
0.025), mass loss on the forest floor was greater than in the understory, subcanopy, and 
canopy (t > 3.9, p < 0.003), and wood decomposed similarly at all levels above the forest 
floor (t < 1.3, p > 0.71).  However, the dry season diverged from the wet season in that 




 Cellulose decomposition differed among vertical positions and between seasons 
(Figure 13).  Cellulose decomposed more rapidly in the wet season than the dry season 
(dAIC = 18.3, X21 = 20.3, p < 0.001), and decomposition decreased with height 
regardless of season (dAIC = 275.1, X24 = 285.1, p < 0.001).  Mass loss from cellulose was 
similar between the understory and subcanopy (z = 0.3, p = 0.99) and between the 
canopy and emergent positions (z = 0.2, p = 0.99), but these groups differed from each 
other (z > 3.1, p < 0.018) and litter-level decomposition was greater than all other 
vertical positions (z > 21.8, p < 0.001). 
Wood Respiration 
 Wood respiration, a proxy for microbial biomass and activity, differed among 
vertical positions at the end of the wet season in 2017 (dAIC = 12.1, X23 = 18.1, p < 0.001; 
Figure 14).  Wood respiration in the leaf litter was greater than in the understory (z = 
2.84, p = 0.023), subcanopy (z = 3.81, p < 0.001), and canopy (z = 4.44, p < 0.001).  
However, wood respiration was similar among all levels above the forest floor (z < 1.66, p 
> 0.35).  I lacked sufficient emergent-level samples, and therefore did not include this 
position in analyses of respiration. 
DISCUSSION 
 The majority of dead wood is decomposing above the forest floor (Ovington and 
Madgwick 1959, Christensen 1977, Gora and Muller-Landau in prep), yet little is known 
about processes underlying the decomposition of suspended dead wood.  Here I provide 
evidence that fungi and microclimate collectively control rates of wood decomposition 
across a vertical forest gradient.  I also demonstrate that saproxylic bacterial and fungal 
community compositions are strongly correlated, and that environmental filters appear 
to be relatively more important to community assembly aboveground than on the forest 




across a vertical gradient, representing a previously unquantified dimension of microbial 
diversity.   
 Contrary to my predictions and the current understanding of local decomposition 
processes (Adair et al. 2008, Bradford et al. 2014), I provide correlative evidence that 
that microclimate is the primary factor determining local rates of wood decomposition.  
In addition to the variance explained in the mechanistic model, the phylogenetic 
clustering aboveground indicates that environmental filtering likely shapes microbial 
community assembly at most vertical positions.  Consequently, the direct and indirect 
(via community assembly) contributions of microclimate to decomposition are greater 
than the independent effects of bacteria or fungi.  Given evidence that local processes 
regulate decomposition regionally (Bradford et al. 2014), this suggests that 
environmental factors control of wood decomposition at local, regional, and global 
scales. 
 Although decomposition rates were not associated with bacterial community 
composition, I cannot conclude that bacterial decomposers were inactive.  Bacteria likely 
were not associated with decomposition rates because they perform decomposition 
relatively slowly (Greaves 1971, Johnston et al. 2016) and microbial activity decreased 
with height (Figure 14).  Fungal decomposers were abundant where decomposition was 
fastest (forest floor and understory), but they were rare in the subcanopy and above. By 
contrast, bacterial decomposers in orders Sphingomonadales and Actinomycetales were 
the dominant taxa at all positions above the forest floor (Table 8).  Of particular 
importance was the bacterial genus Sphingomonas.  Sphingomonas consists of unusual 
oligotrophs capable of decomposing recalcitrant aromatic compounds, such as lignin 
(Masai et al. 1999) and industrial waste products (e.g., S. wittichii, Yabuuchi et al. 2001).  




of complete lignin degradation (Bugg et al. 2011, Chen et al. 2012).  The contrasting 
shifts in the abundance of bacterial and fungal decomposers suggests that saprotrophic 
and ligninolytic bacteria fill a niche in aboveground microbial decomposition. 
 Differences in the processes underlying community assembly likely contributed 
to the vertical turnover in community structure observed in my study.  Bacterial 
phylogenetic dispersion indicated that the forest floor community is largely structured by 
competitive interactions, whereas aboveground communities are strongly regulated by 
environmental filtering (Webb et al. 2002, Horner-Devine and Bohannan 2006).  These 
phylogenetic patterns could also arise as a result of other processes (e.g., priority effects; 
Kraft et al. 2015), but the conspicuous vertical changes in abiotic conditions within 
tropical forests suggest that environmental filtering is the cause.  Given the strong 
correlation between bacterial and fungal community composition (R = 0.74), it is likely 
that fungal community assembly follows the same general patterns.  Regardless, vertical 
turnover in the primary functions of microbial organisms suggests the presence of 
vertically distinct niches, most of which were previously unexplored.   
 Seasonal patterns of decomposition and microclimate highlight a potential role 
for photodegradation in wet tropical forests.  There was only one exception to the pattern 
of faster decomposition on the forest floor than all higher vertical positions – dry season 
decomposition rates were similar between the emergent and forest floor positions.  
Decomposition rates in the desert-like conditions (Parker 1995) of the emergent stratum 
were aseasonal, and respiration results suggest that microbial activity was negligible in 
the canopy.  Consequently, it is likely that abiotic factors regulating emergent-level 
decomposition in the dry season caused mass loss at similar rates to biotic processes on 
the forest floor.  Photodegredation likely caused this abiotic decomposition – light 




when leaves are abscised and clouds are less common.  The importance of 
photodegredation for leaf litter is known in arid ecosystems (Austin and Vivanco 2006), 
but this is the first indication of this phenomenon for wood substrates in tropical forests.   
Caveats and conclusions 
 Conducting this study with standardized and sterilized wood substrates 
facilitated comparisons of community assembly among vertical positions but, despite its 
advantages, this approach has some limitations.  By using sterile substrates, I did not 
capture the priority effects of endophytic and epiphytic microbial communities that 
colonize wood prior to decomposition.  These microbial taxa often begin decomposing 
wood in the canopy and exhibit priority effects on subsequent colonizers (Boddy 2001, 
Osono 2006, Cline et al. 2018).  Standardization of substrates allowed us to exclude 
many confounding variables that are important in nature, including differences in wood 
traits (Zanne et al. 2015) and the effects of bark.  Bark changes wood microclimate, and 
many invertebrate taxa, particularly beetles, will only colonize wood with intact bark 
(Dossa et al. 2016).  Lastly, I used small substrates to enable sampling of the complete 
saproxylic microbiome.  However, larger wood substrates decompose differently and 
support different taxa (e.g., termites) than smaller substrates (Harmon et al. 1986, 
Ulyshen 2016).  Consequently, further work is needed to understand how interactions 
with invertebrates and phyllosphere microbes shape aboveground microbial community 
assembly and decomposition rates among diverse wood substrates (e.g., Leopold et al. 
2017)). 
 Despite these considerations, this study is an important first step in 
understanding the mechanisms regulating rates of aboveground decomposition.  Filling 
this knowledge gap is particularly important given the expectation that changing 




will create more standing dead trees and shift the physical distribution of woody debris 
to higher vertical positions.  Moreover, I provide evidence that microclimate is the 
primary factor regulating rates of decomposition locally and thus climatic effects on local 
microclimate (e.g., via precipitation) will potentially change future rates of wood 
decomposition.  Understanding the importance of these and related factors will help us 







Table 7. Measures of diversity for fungal and bacterial taxa.  All values are averages 
(±SE).  Beta diversity is the average distance from the centroid in ordination space. 
Richness is OTU richness after rarefication and Shannon represents the Shannon 
diversity index (H). 
Vertical 
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Table 8. Mean percentages of total sequences (±SE) within a vertical position for the eleven most abundant phyla and orders 
of fungi, along with statistical results of comparisons.  Superscript letters denote similar abundances and bold text indicates 
orders that represent more than 5% of total sequences within that vertical position. 
Taxanomic level Phylum/Order Litter Understory Subcanopy Canopy Emergent dAIC X2 p-value 
Phyla 
Ascomycota 45.1 (2.3)a 72.4 (1.4)b 64.2 (2.1)ab 59.2 (1.3)ab 53.6 (2.1)ab 3.9 11.9 0.018 
Basidiomycota 38.8 (2.9)a 8.8 (1)b 27.2 (2.3)ab 20.9 (1.2)ab 34.4 (2.4)a 5.1 13.1 0.011 
Orders 
Agaricales 33.8 (3.1)a 0.8 (0.0)b 0.8 (0.0)b 0.5 (0.0)b 0.9 (0.1)b 32.4 40.4 <0.001 
Capnodiales 10.1 (0.8) 11.6 (0.8) 17.2 (1.5) 16.9 (1.6) 8.8 (0.6) 2.98 5.0 0.285 
Pleosporales 0.4 (0.0)a 12.6 (1.3)b 11.0 (0.8)b 6.7 (0.6)ab 5.5 (0.6)ab 7.36 15.4 0.004 
Polyporales 0.6 (0.1)a 1.3 (0.2)ab 11.2 (1.8)b 0.9 (0.2)ab 2.3 (0.5)ab 2.59 10.6 0.032 
Chaetothyriales 2.3 (0.4) 4.6 (0.4) 4.6 (0.3) 7.1 (0.8) 7.0 (0.7) 1.7 6.3 0.176 
Tremellales 0.0 (0.0)a 0.4 (0.0)a 2.2 (0.1)a 6.3 (0.6)b 3.1 (0.3)ab 16.9 24.9 <0.001 
Orbiliales 0.6 (0.1)a 0.3 (0.0)ab 1.7 (0.2)a 8.1 (1.0)ac 15.7 (1.2)c 25.8 33.8 <0.001 
Russulales 0.1 (0.0) 0.0 (0.0) 4.9 (1.0) 4.1 (0.9) 5.1 (0.8) - - - 
Xylariales 2.3 (0.3) 3.2 (0.3) 3.0 (0.3) 2.4 (0.2) 1.8 (0.2) 6.3 1.7 0.783 
Helotiales 0.5 (0.1) 0.1 (0.0) 4.0 (0.8) 1.6 (0.5) 2.2 (0.3) 1.7 6.3 0.177 








Table 9. Mean percentages of total sequences (±SE) within a vertical position for the fifteen most abundant orders of bacteria, 
along with statistical results of comparisons.  Superscript letters denote similar abundances and bold text indicates taxa that 
represent more than 5% of total sequences within that vertical position. 
Order Litter Understory Subcanopy Canopy Emergent dAIC X2 p-value 
Rhizobiales 9.9 (0.9)a 15.1 (1.5)b 13.3 (0.4)b 13.6 (1.0)b 15 (0.5)b 13.9 21.9 <0.001 
Sphingomonadales 2.3 (0.3)a 10.4 (1.1)b 13.9 (1.9)bc 22.0 (2.3)c 14 (3.2)b 47.0 55.0 <0.001 
Actinomycetales 3.3 (0.7)a 10.1 (1.5)b 8.8 (0.7)b 10.2 (1.9)b 7.9 (1.2)b 12.4 20.4 <0.001 
Acidobacteriales 0.6 (0.2)a 0.8 (0.2)ab 2.0 (0.5)bc 4.8 (1.7)cd 11.4 (2.4)d 36.4 44.4 <0.001 
Chlorophyta 0 (0)a 0.1 (0.0)a 0.1 (0.0)a 0.4 (0.1)a 8.5 (3.3)b 31.7 39.7 <0.001 
Burkholderiales 3.4 (0.4) 4.6 (0.5) 6.4 (1.0) 8.8 (2.1) 5.0 (1.4) 1.1 9.1 0.06 
Caulobacterales 1.1 (0.2)a 2.0 (0.2)b 2.0 (0.3)b 1.8 (0.2)b 3.9 (0.8)c 29.5 37.5 <0.001 
Nostocales 0 (0)a 0.2 (0.1)ab 1.3 (0.7)ab 4.6 (3.7)ab 3.4 (1.1)b 4.0 12.0 0.017 
Rhodospirillales 5.5 (0.6)a 4.7 (0.9)ab 3.9 (0.7)ab 3.0 (0.4)b 5.6 (1.0)ab 2.3 10.3 0.036 
Chthoniobacterales 5.6 (1.3)x 5.3 (0.5)x 5.6 (0.8)x 3.1 (0.7)x 3.1 (0.9)x 5.4 13.4 0.01 
Gemmatales 8.1 (0.8)a 6.1 (0.7)ab 4.9 (0.5)bc 2.5 (0.4)d 3.0 (0.3)cd 34.6 42.6 <0.001 
Solirubrobacterales 1.3 (0.4)a 3.5 (0.5)bc 4.7 (0.5)c 2.2 (0.5)ab 2.9 (0.5)bc 16.0 24.0 <0.001 
Myxococcales 7.9 (1.4)a 2.6 (0.3)b 2.3 (0.3)b 1.5 (0.4)bc 1.1 (0.3)c 36.6 44.6 <0.001 
Saprospirales 2.1 (0.3)a 3.5 (0.4)a 2.6 (0.3)a 1.4 (0.5)b 0.7 (0.2)b 27.9 35.9 <0.001 






Table 10.  The best predictors of decomposition as determined using AIC model 
reduction (the change in AIC or dAIC) and comparing the change in residual sum of 
squares with the removal of each term (dRSS).  The variation explained by each variable 
was determined using Dominance analysis and summed to estimate the relative 
contributions of fungi and environment. 
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Figure 9. Ordination of fungal community structure along the vertical forest gradient.  
Circles represent 95% confidence intervals for the location of the centroid from each 
group.  Vectors indicate significant associations between functional groups and points in 
the ordination.  The length of each vector is proportional to the strength of the 
correlation. 
Figure 10.  Ordination of bacterial community composition along the vertical forest 
gradient.  Vertical positions are color coded and ellipses are the 95% confidence interval 
wherein the centroid for communities from each vertical position is located.  Vectors are 
visual representations of significant associations between the major bacterial taxa and 
points in the ordination.  The length of each vector is proportional to the strength of the 
correlation.  
Figure 11.  Phylogenetic structure of bacterial communities along the vertical forest 
gradient.  The points represent the mean z value (±95% CI) for each vertical position as 
calculated using the mean pairwise distance measure of phylogenetic dispersion.  Points 
that are significantly below zero are phylogenetically clustered, indicating that 
community assembly is driven by environmental filters, whereas values above zero are 
phylogenetically evenly distributed, suggesting that competitive interactions are more 
important to community assembly.  
Figure 12.  Principle components analysis of wet season microclimate with sampling 
locations color coded by relative vertical position.  Ellipses depict the location of the 
centroid for each vertical position with 95% confidence and the vectors indicate the 




Figure 13. Total mass loss from wood sticks (circles) and cellulose (squares) at the end of 
the wet (hollow points) and dry (filled points) seasons.  Points represent average mass 
loss (95% CI) across both 2015 and 2016. 
Figure 14. Respiration per unit mass from wood sticks collected at the end of the wet 















































 The effects of lightning on trees range from catastrophic death to the absence of 
observable damage.  Such differences may be predictable among tree species, and more 
generally among plant life history strategies and growth forms.  We used field-collected 
electrical resistivity data in temperate and tropical forests to model how the distribution 
of power from a lightning discharge varies with tree size and identity, and with the 
presence of lianas.  Estimated heating density (heat generated per volume of tree tissue) 
and maximum power (maximum rate of heating) from a standardized lightning 
discharge differed 300% among tree species.  Tree size and morphology also were 
important; the heating density of a hypothetical 10 m tall Alseis blackiana was 49 times 
greater than for a 30 m tall conspecific, and 127 times greater than for a 30 m tall 
Dipteryx panamensis.  Lianas may protect trees from lightning by conducting electric 
current; estimated heating and maximum power were reduced by 60% (± 7.1%) for trees 




first quantitative mechanism describing how differences among trees can influence 
lightning-tree interactions, and how lianas can serve as natural lightning rods for trees. 
 
INTRODUCTION 
 Lightning strikes thousands of trees each day (Taylor 1974), and ca. 500 million 
hectares of forest exist in regions with high lightning frequency (i.e., > 30 flashes km-2 
yr-1; Christian et al. 2003, Albrecht et al. 2016).  The dramatic effects of lighting on trees 
have interested scientists for more than a century (Anonymous 1898, Stone 1914, 
Komarek 1964, Taylor 1977), but the spatial and temporal stochasticity of lightning 
remain major obstacles in the comprehensive understanding of its ecological significance 
(Knight 1987, Yanoviak et al. 2015, Mäkelä et al 2016).  Clearly lightning often kills trees 
directly or indirectly (e.g., via fire or subsequent fungal and beetle infestations; Sharples 
1933, Hodges and Pickard 1971).  However, tree mortality rates remain unknown for 
most forests (Franklin et al. 1987, Shugart 1987, Stephenson et al. 2011), and the 
different mechanisms of individual tree death rarely are quantified.  This is particularly 
problematic for trees in the relatively large "standing dead" category (Carey et al. 1994), 
many of which are due to lightning.  Resolving these ambiguities is increasingly 
important as lightning frequency is expected to increase in a warmer world (Williams 
2005, Romps et al. 2014).  Here, we explore how variation in a key trait - electrical 
resistivity - can explain the varied effects of lightning on trees (hereafter, "lightning-tree 
interactions").  
 Whereas lightning is a frequent cause of tree mortality in some regions (Yanoviak 
et al. 2015, Covert 1924, Reynolds 1940, Brünig 1964), many trees struck by lightning 
suffer no apparent ill effects (Stone 1914, Taylor 1977, Orville 1968).  The most 




intensity and physiological or anatomical differences among struck trees.  In particular, 
the size, location, and species identity of trees are presumed to be key factors (Yanoviak 
et al. 2015, Taylor 1964, Baker 1973).  The potential role of tree species-level traits 
remains especially ambiguous, with historical references to "starchy" oak vs. "oily" beech 
trees differing in their attractiveness or response to lightning (Covert 1924).  Despite 
these and many other suggested patterns, the majority of evidence concerning the 
probability that any given tree will be damaged by lightning remains anecdotal and post 
hoc, mainly for logistical reasons (Mäkelä et al. 2009, Yanoviak et al. 2015, Yanoviak et 
al. 2017). 
 Lightning damages trees mainly through heat energy--both the extreme quantity 
of heat and the high rate at which it is applied to tree tissues (hereafter referred to as 
heating and maximum power, respectively; Uman 2008, Courty 2016).  These two 
properties are proportional to the total current and peak current, respectively, of a 
lightning discharge.  High peak current (typically 15-30 kA) causes high maximum power 
that is hypothesized to generate steam explosions in the vascular cambium.  Such 
localized explosions create the stereotypical lightning scars on tree trunks, and 
sometimes catastrophically shatter entire trees (Taylor 1964, Mäkelä 2009, Plummer 
1912, Stone and Chapman 1912).  Similarly, a prolonged lightning discharge (i.e., 
"continuing current" or CC lightning, typically 200 A for 115 ms; Bitzer 2016) causes 
sustained heating that presumably kills trees and ignites forest fires (Kitagawa 1962, 
Anderson 1964, Fuquay 1972).  What humans commonly perceive as a single lightning 
flash is actually a very complex phenomenon having three main properties: 1) the 
number of return strokes (visible pulses of electric current), 2) the duration of the 
current in each return stroke, and 3) the peak current of each return stroke (Uman 
2001).  These properties are highly variable among flashes, potentially contributing to 




 Variation in electrical resistivity among trees is also expected to affect the amount 
of heating and maximum power experienced during a lightning discharge (Stone 1912, 
Komarek 1964).  The amount of heating and maximum power are directly proportional 
to the electrical resistance (R) of the struck tree (Uman 2008), which varies among tree 
species and their general morphology (the three-dimensional shape of a tree, see 
Equation 1 below).  Specifically, electrical resistivity differs consistently among species 
and increases with tree diameter in all cases (Gora and Yanoviak 2015).  Such differences 
may explain why lightning-caused tree deaths appear to be twice as common for 
relatively resistant conifers as they are for more conductive hardwoods (Reynolds 1940, 
Baker 1973, Taylor 1977).  Differences in tree size also are potentially relevant in this 
context; biomass increases exponentially with diameter for healthy trees, thus larger 
trees may survive lightning by distributing a similar amount of heat across more 
biomass. 
 Although many plant traits vary predictably with latitude (e.g., freeze tolerance, 
deciduousness), structural differences in vascular tissue between growth forms (trees 
and climbing plants) generally are consistent between temperate and tropical regions 
(Christensen‐Dalsgaard 2007, Angyalossy et al. 2015).  Specifically, climbing plants 
typically hold more water per unit of stem volume than do trees in both temperate and 
tropical regions.  Relative water content (and other factors, like ion content) partly 
determines the electrical resistance of plant tissues (Stone 1914, Stamm 1927, Bieker and 
Rust 2010) and likely explains the lower resistivity of vines vs. trees in the temperate 
zone (Gora and Yanoviak 2015).  However, similar comparative data do not exist for 
tropical plants. 
 Other factors extrinsic to lightning flash characteristics and tree traits also likely 
influence the extent of damage that occurs during a lightning discharge.  Although hard 




1912, Taylor 1974, Yanoviak et al. 2015), elevation (Muzika et al. 2015), or swampy 
conditions (Anderson 1964).  Recent observations indicate that another factor - the 
presence of lianas (woody vines) - influences the effect of lightning on trees (Yanoviak 
2013).  Specifically, the tendency for liana stems to be more conductive than tree 
branches of similar diameter (Yanoviak 2013, Gora and Yanoviak 2015) suggest that 
lianas function as natural lightning rods.  This effect should be particularly important in 
tropical forests, where lightning frequency is high and ca. 40% of the forest canopy is 
carpeted by liana foliage (Putz 1984, Christian et al. 2003, Schnitzer et al. 2012). 
 The principal objective of this study was to determine how variation in electrical 
resistivity within and among trees and lianas could influence lightning-tree interactions.  
The electrical properties of tropical plants are unknown, so we quantified the electrical 
resistivity of some common woody plants in central Panama.  We hypothesized that 
lianas would have lower resistivity than trees, as observed in temperate regions (Gora 
and Yanoviak 2015).  Because resistivity is linked to moisture content, we further 
hypothesized that differences in electrical resistivity between and within growth forms 
(lianas vs. trees) would correspond to differences in their relative water content.  We 
explored how resistivity as a plant trait should affect the heating and maximum power 
experienced by trees during three common types of lightning discharges.  Specifically, we 
predicted that heating and maximum power decrease with increasing tree size (increased 
height and diameter), and differ among tree species due to differences in their general 
morphology and electrical resistivity.  Finally, we estimated the potential for lianas to 
reduce heating and power within host trees by diverting electric current.  Our overall 
goal was to model the directional effects of tree characteristics on heating and maximum 





 Field work for this project was conducted in the Barro Colorado Natural 
Monument (BCNM) in Panama (9.15° N, 79.85° W).  The BCNM is a seasonally moist 
lowland tropical forest administered by the Smithsonian Tropical Research Institute.   
Additional information about this forest is available elsewhere (Leigh et al. 1996). 
Electrical resistivity measurements 
 We selected six common species of trees and seven common species of lianas to 
measure differences in resistivity between growth forms, and among species within 
growth forms (Table 11).  We measured only tree and liana stems 1-10 cm in diameter for 
the growth form comparison because liana stems larger than this size range are 
uncommon for most species (Schnitzer et al. 2012).  To reduce confounding phylogenetic 
effects, we chose species that minimized phylogenetic similarity within the growth forms 
and maximized similarity between trees and lianas.  Specifically, three pairs of lianas and 
trees were in the same taxonomic families, whereas all species within each growth form 
were in different families (Table 11).  We also performed a separate comparison of larger 
stems (10-77 cm) for a subgroup of three tree species (Alseis blackiana, N = 19; Dipteryx 
panamensis, N = 12; and Jacaranda copaia, N = 20). 
 The field methods for this project followed those of Gora and Yanoviak (2015). 
Briefly, we measured the electrical resistance of stems or branches of lianas and trees 
(saplings or larger trees, hereafter all are referred to as stems) using a megaohmmeter 
(DR-6605; Ruby Electronics, Saratoga, California, USA) secured to two electrodes 
(aluminum nails).  The electrodes were separated by 30 cm and inserted on the same 
longitudinal axis of a liana or tree stem.  We measured diameter of the stem at the 
midpoint between the two electrodes and recorded air temperature.  We then calculated 
electrical resistivity using Equation 1, 




where R is resistance (ohms, Ω), p is resistivity (Ωm), A is cross-sectional area (m2), and 
L is length (m) of the measured section.  To avoid potentially confounding 
environmental effects, all measurements were taken during dry conditions and at 
consistent temperatures during peak lightning season (i.e., wet season; June-October).  
To verify that minor variation in electrode depth was not an important source of error, 
we measured resistance with electrodes inserted 1.5 cm, 2.5 cm, and 3.5 cm into the 
vascular tissues of two or more of the individuals for each of the 11 tree species used in 
the model (> 30 individuals in total).  Resistance was consistent regardless of probe 
depth over this range.    
 We used one focal species from each growth form (the liana Arrabidaea 
patellifera, N = 15; and the tree Alseis blackiana, N = 15) to quantify how resistivity 
changes with stem moisture content.  We measured electrical resistance as described 
above, except that the electrodes were separated by 20 cm.  After recording resistance, 
we removed the 20 cm section of stem using a handsaw and sealed it in a pre-weighed 
plastic bag.  We then weighed each fresh stem section, dried it to constant mass in an 
oven at 60°C, and recorded its dry weight.  Dry mass was subtracted from wet mass to 
calculate moisture mass and percent moisture content. 
Heating and maximum power modeling 
 The amount of heating and maximum power generated in tree tissues during a 
lightning strike fundamentally are determined by stem resistance.  Using 533 in situ 
measurements of resistivity, we modeled how heating and maximum power during a 
lightning strike differ within and among tropical and temperate tree species given 
different initial conditions (i.e., different lightning flash characteristics).  The model 
included three types of lightning discharges, 11 species of trees, one temperate liana, and 
one tropical liana.  We assumed no irregularities in tree morphology and no variation 




tissues does not change during a lightning discharge, that heat is evenly distributed 
among tree tissues and not dissipated away from the tree during a discharge (which 
typically occurs in < 1 ms), and that lightning current does not flashover to nearby 
objects.  Finally, electric current flows longitudinally through tree vascular tissues 
regardless of the source (e.g., lightning or an ohmmeter; Taylor 1974, Taylor 1977, Carter 
and Blanchard 1978, Smith and Blanchard 1984).  Thus, we assumed that an ohmmeter 
measures patterns of resistance relatively similar to those experienced by lightning 
current.  These assumptions were consistent for all model iterations.  If some of these 
assumptions are violated then the magnitude of heating or maximum power will change, 
but the directional effects (e.g., whether lianas decrease heating) of tree characteristics 
are unlikely to be affected. 
 We used Equation 2 to compare the resistive heating (referred to as “heating”) of 
different tree species in response to each type of lightning discharge.  In this equation, 
heating is equal to the action integral multiplied by the resistance of a tree: 
 [2] H = Integral[I2 (t) R dt]  
where H is total resistive heating of a tree (joules, J), I is current (amperes, A), t is the 
duration of the current in the lightning return stroke (seconds), and R is the resistance 
(Ω) of the selected tree (Uman 2008).  The action integral (I2 * t) is specific to each type 
of lightning, and resistance differs among tree species, sizes (as trunk volume), and tree 
morphologies (as change in diameter with height).  Thus, this formula can be used to 
calculate the heating of any free-standing tree given the values for these two terms.  
Because the thermal properties of tree tissues are poorly quantified, we did not estimate 
increases in temperature as a result of heating.  Similarly, we calculated maximum power 
by multiplying the squared peak current by the resistance of the tree.  Time was excluded 
from this calculation because peak current is an instantaneous value.  Hereafter, the heat 




maximum power is referred to as maximum power (J s-1).  To facilitate the comparison 
of heating for different sizes of trees, we normalized heating by tree volume to determine 
the heating density (J cm-3). 
 We combined Equation 2 and Ohm’s Law to quantify the potential for lianas to 
function as natural lightning rods.  Lianas were conspicuously damaged by electric 
current in >90% of the lightning strikes on BCI (Yanoviak et al. 2017) in a separate 
study, demonstrating that electric current flows through both trees and their resident 
lianas during a strike.  Consequently, we assume that the electrical potential (voltage) 
across all main stems in a liana-tree complex is the same during a lightning discharge.  
However, the proportion of lightning current flowing through each stem in the complex 
will differ according to its resistance (obtained from field measurements).  Given this 
relationship, we modeled the distribution of electric current between liana and tree 
stems during a lightning discharge as the ratio of tree resistance to liana resistance.  We 
then used the methods described above to calculate heating and maximum power in the 
tree-liana complex.  To estimate the protective effects of multiple lianas in a single tree, 
we substituted liana resistance in the above ratio with the combined resistance of all 
lianas as if connected in a parallel circuit. 
Resistance calculations 
 Using the same 533 resistance measurements mentioned above, we constructed 
hypothetical trees and lianas similar to a model tree used in a previous lightning-focused 
study (Defandorf 1955).  We approximated tree and liana shape as a conical stack of 1 cm 
tall cylinders incrementally decreasing in diameter from the base to the top.  This 
approach simulated the relatively linear path that electric current follows from the end of 
any given canopy branch to the base of the tree (Taylor 1974).  The top (minimum) 
diameter was fixed at 1 cm in all cases, and the incremental increase was calculated as 




resistivity of each cylinder in the stack based on species-specific logarithmic functions of 
resistivity vs. diameter calculated from field data (Table 12; also see Gora and Yanoviak 
2015).  Consequently, we estimated the heating and maximum power experienced by an 
average tree of each species.  The resistivity of each cylinder was multiplied by height 
(i.e., 1 cm) and divided by its cross-sectional area to determine resistance.  This 
conversion makes no assumption about the composition of tissues within each cylinder, 
but rather assumes that electric current from the in situ resistance measurements follow 
a similar path in the model tree.  We calculated total resistance and total volume as the 
summed resistance (as if in a series circuit) and volume, respectively, of all cylinders in a 
given tree or liana.  We used total tree volume to estimate heating density (rather than 
estimating the volume and resistivity of specific tissues; al Hagrey 2006) because we 
assumed that heat is distributed evenly among tree tissues. 
 We compared heating and maximum power among 11 tree species – the three 
tropical tree species in this study and eight temperate species surveyed in a separate 
study (Table 12; Gora and Yanoviak 2015).  We used 20 m as tree height for interspecific 
comparisons because mature canopy trees in temperate and tropical forests tend to be at 
least that tall (Mascaro et al. 2011).  We calculated maximum diameter at ground level 
using height-to-diameter ratios of Prioria copaia, which is the only common emergent 
tropical tree in the BCNM for which such data exist (O’Brien et al. 1995). 
 We used region-specific liana data to estimate the effectiveness of lianas as 
natural lightning rods.  Specifically, we created hypothetical tropical and temperate 
lianas using resistivity data from liana stems measured in Panama and Kentucky (Gora 
and Yanoviak 2015), respectively.  We conservatively used 6 cm as the maximum liana 
diameter for the model.  Many lianas with greater diameter reside in the canopy on BCI 
(Kurzel et al. 2006), thus the size of our model liana underestimates their potential 




height due to their sinuous growth and scandent habit.  We calculated the reduction in 
heating and maximum power for trees supporting either one or three lianas.  We chose 
this range because it reflects actual liana abundances in trees of the BCNM (Putz 1984). 
 Intraspecific tree size comparisons focused on D. panamensis and A. blackiana.  
We chose D. panamensis because it is the closest relative of P. copaia in the suite of focal 
species used for this study, and because both species have similar general morphology.  
We chose A. blackiana because its morphology is distinct from D. panamensis.  Height-
to-diameter ratios were determined using the same methods for both species (O’Brien et 
al. 1995), and we used these parameters to calculate the heating and maximum power for 
seven sizes of each species (10, 15, 18, 20, 22, 25, and 30 m). 
Lightning current profiles 
 It is impractical to model every possible type of lightning, so we focused on three 
common canonical lightning discharges (single stroke, multiple stroke, and continuing 
current) to capture a range of the potential energetic effects of lightning on trees.  In 
each hypothetical discharge, the current at the strike point (i.e., the tree) was estimated 
using a binomial exponential model (Heidler 1985, Diendorfer and Uman 1990, Heidler 
and Cvetic 2002) in which each term is of the form: 















where 𝐼𝐼0 is the current amplitude, μ is an amplitude correction factor, and 𝜏𝜏1, 𝜏𝜏2 are 
decay time constants.  
 We created three different types of hypothetical lightning discharges based on 
Diendorfer and Uman (1990).  The simplest type, Discharge 1, was a single cloud-to-
ground (CG) return stroke discharge with a peak current of 30 kA.  This, and other 




(1990).  Because most CG lightning discharges contain more than one stroke, we created 
hypothetical Discharge 2 with three return strokes.  In this case, the first return stroke 
was the same as Discharge 1, but the second and third strokes followed the parameters 
of the CURRENT-1 flash in Table 1 of Diendorfer and Uman (1990).  Finally, we modeled 
Discharge 3 as a CC flash (Bitzer 2016, Kitagawa et al. 1962) that included a single stroke 
(the same as Discharge 1) of 50 µs duration immediately followed by a constant current 
of 200 A for 115 ms. 
Statistical analyses 
 We used analysis of covariance (ANCOVA) to test for differences in resistivity 
among growth forms and species.  Preliminary examination of the data revealed 
conspicuous heteroscedasticity.  Specifically, variance in resistivity was much greater for 
stems <3 cm diameter than for larger stems.  Consequently, we ran separate analyses for 
stems <3 cm and stems 3-10 cm.  We tested for differences in resistivity between growth 
forms using species nested within growth form.  When resistivity differed between 
growth forms, we tested for interspecific differences in resistivity within each growth 
form separately.  Stem diameter was the covariate in all of these tests. 
 We ran a series of comparable analyses to test the hypothesis that differences in 
resistivity among stems are associated with variation in their relative moisture content. 
We used ANCOVA to determine how resistivity differed between species using stem 
diameter as the covariate.  We repeated this analysis using moisture content as the 
covariate, and we used regression to determine how resistivity changed with moisture 
content independent of species.  Finally, we compared the squared residual error of 
linear models with and without species as a fixed effect to determine whether the 
relationship between resistivity and moisture content was species-independent.   
 In all cases, we used stepwise model reduction to remove non-significant 




not include temperature in our analyses because it was relatively consistent (see results), 
and differences in temperature much larger than those observed here were unimportant 
in a similar study (Gora and Yanoviak 2015).  We used the Bonferroni correction for 
multiplicity when necessary.  Electrical resistivity data were log-transformed, and 
diameter was cube-root transformed to improve linear relationships among these 
variables.  We used the Shapiro-Wilk test to assess normality and we examined residuals 
to confirm appropriate model fit. 
 Data were analyzed using the R statistical program (R Core Team 2017).  We used 
the lme4 package with the LmerTest modification to analyze mixed-effect models (Bates 
et al. 2014) and the base R package for basic linear models and t-tests.  We tested for 
differences among individual species using post-hoc Tukey HSD test in the multcomp 
package (Hothorn et al. 2008). 
RESULTS 
 The model supported the prediction that variation in resistivity among basic tree 
characteristics is likely to influence lightning-tree interactions.  Specifically, the amount 
of heating and maximum power (i.e., the amount of tissue damage) expected to occur 
during a lightning discharge differed among tree species, sizes, and tree morphologies, 
and with the abundance of lianas (Figure 15).  The model predicted that hypothetical 
trees experience heating from 3-80 GJ, heating density from 8-1685 kJ cm-3, and 
maximum power of 197-3336 TW.  For clarity, hereafter we focus on tree interactions 
with a single, non-CC return stroke (Discharge 1).   
 Predicted lightning-tree interactions differed among species and tended to be 
more severe for temperate trees.  Interspecific differences in heating and maximum 
power were caused by variation in both the resistivity of stem tissues and overall 
morphology.  When considering only resistivity, heating was lowest for the tropical trees 




GJ) was ca. 60% greater than for either of these species (Table 12).  Temperate trees 
typically had greater estimated heating than tropical trees.  Specifically, heating of the 
tropical tree A. blackiana was lower than all temperate species except for Acer rubrum 
(25.4 GJ), and heating of the remaining seven temperate species was 81-189% greater 
than J. copaia (Table 12).  After accounting for variation in trunk morphology as well (A. 
blackiana is narrower), heating density and maximum power of A. blackiana were 290% 
and 180% greater than for D. panamensis, respectively (Tables 12 and 13, Figure 16).  
Tree morphology was a species-specific property in this study, but differences in the 
shape of branches within the same species or even the same individual should similarly 
affect patterns of heating and maximum power. 
 Within a species, taller model trees experienced greater heating and maximum 
power, yet their heating density was substantially lower (Figure 16, Table 13).  For A. 
blackiana trees, the maximum power expected for a 30 m tall individual (2384 TW) was 
21% greater than for a 10 m individual (1966 TW).  Taller trees also experience more 
total heating, but the heat is distributed over a larger volume of tree tissue, effectively 
reducing the impact of lightning.  For example, heating density for a 10 m tall individual 
of A. blackiana (1684 kJ cm-3) was ca. 49 times greater than for a 30 m tall individual 
(33 kJ cm-3).  These size-based differences compounded the interspecific resistivity-
based differences described above.  Specifically, the heating density of a 10 m tall A. 
blackiana tree was ca. 127 times greater than the heating density of a 30 m tall D. 
panamensis (Figure 16).   
 Inclusion of lianas in the model dramatically reduced the heating and maximum 
power experienced by their host trees, suggesting that lianas have the capacity to 
inadvertently protect trees from lethal lightning damage (Figure 17, Table 14).  The 
presence of one liana reduced both heating and maximum power by more than half 




more lianas were added; three lianas on a single tree reduced heating and maximum 
power by 87% (± 4.0%).  The expected protective effect of lianas was higher in trees with 
greater electrical resistance (e.g., larger individuals or relatively resistant species) 
because the lianas diverted a larger fraction of the total lightning current.  For example, 
as described above, a liana-free A. blackiana tree should be more heavily damaged by 
lightning than other liana-free tropical trees.  However, adding three lianas to an A. 
blackiana would cause it to have the lowest heating and maximum power among all of 
the modeled species.  Similarly, more conductive lianas, such as those with larger 
diameters, would divert more lightning current and thus provide greater protection for 
host trees. 
 Finally, variation in discharge types strongly affected the predicted heating 
experienced by the model trees.  Relative to the single stroke event (Discharge 1), 
heating was 45% higher for the three stroke flash (Discharge 2), and ca. 31% higher for 
the continuing current flash (Discharge 3; Table 12).  By contrast, maximum power was 
equal for all three types of lightning because each had the same peak current.  Heating 
and maximum power are proportional to tree resistance, thus relative differences among 
species were the same for any type of lightning discharge.   
Electrical resistivity of tropical plants 
 Electrical resistivity generally differed between lianas and trees; liana resistivity 
was on average ca. 50% lower than that of trees for stems 3-10 cm in diameter (F1,103 = 
7.01, p = 0.023, α = 0.025; Figure 18).  By contrast, electrical resistivity did not differ 
between liana and tree stems < 3 cm diameter (F1,94 = 0.937, p = 0.336).  Temperature at 
the time of measurement was similar between growth forms (mean ± SD = 28.4 ± 1.8˚C; 
F1,240 = 2.98, p = 0.08), and electrical resistivity increased with diameter in all cases 




 As with temperate plants, electrical resistivity differed interspecifically within 
tropical trees and lianas for stems 3-10 cm in diameter (trees: F5,40 = 115.16, p < 0.001; 
lianas: F6,48 = 22.03, p < 0.001; α = 0.025; Figure 19).  Electrical resistivity also differed 
among tree species for stem diameters >10 cm (F3,47 = 567.2, p < 0.001; Figure 20).  
Regardless of stem size, Alseis blackiana had the highest resistivity by a substantial 
margin, whereas the resistivity of D. panamensis was either similar to (stems 3-10 cm) 
or slightly higher (stems > 10 cm) than that of J. copaia.  We lacked sufficient data for 
similar post-hoc tests among liana species.  
 Differences in moisture content likely are driving the differences in resistivity 
described above.  Electrical resistivity of Arrabidaea patellifera and A. blackiana 
increased with diameter (F2,27 = 112.2, p < 0.001, Figure 7a), but decreased with 
increasing moisture content (F2,27 = 19.0, p < 0.001, Figure 7b).  Alseis blackiana 
consistently had higher resistivity than A. patellifera across a range of diameters (F2,27 = 
116.0, p < 0.001), but their ranges of moisture content largely did not overlap (Figure 7).  
Variation in electrical resistivity was minimal above 55% moisture content, indicating 
that extremely wet stems exhibit a different relationship between resistivity and 
moisture content.  Regardless, the strongest evidence that patterns of resistivity are 
driven by moisture content is that moisture was a species-independent predictor of 
resistivity.  That is, when the species term was dropped from the linear model for 
moisture content vs. resistivity, the R2 remained 0.55 (moisture with species: F2,27 = 
19.00, p < 0.001; moisture without species: F1,28 = 35.8, p < 0.001, Figure 7b). 
DISCUSSION 
 There is a long history of speculation regarding the differential effects of lightning 
among trees based on size, species, condition, and location (Anonymous 1898, Taylor 
1974, Yanoviak et al. 2015, Anderson 1964).  Here we present the first quantitative, 




will be affected by lightning.  Unlike all previous work on this topic, the modeled effects 
of lightning on trees in this study are based on empirical measurements of an emergent 
physical property (electrical resistivity), which varies consistently with tree species and 
morphology.  Although every strike event is unique, and its consequences ultimately are 
influenced by many factors that are not easily quantified, this model provides a 
straightforward and ecologically relevant starting point.  Most importantly, it shows how 
differences in basic characteristics of trees can cause substantial differences in the 
amount of damage they experience from a lightning strike, ceteris paribus.  Note that the 
model does not account for factors affecting the probability that any tree will be struck.  
For example, the effects of tree height illustrated in Figure 15 could be less important in 
mature forests if large trees are more likely to intercept lightning strikes.  However, the 
model does suggest that trees in regenerating secondary forests will have relatively 
higher rates of severe or lethal lightning-caused damage by virtue of their smaller 
average size.  
 The results of this study provide correlative support for the hypothesis that lianas 
function as passive lightning protection for trees (Yanoviak 2013).  Lianas generally are 
considered to be structural parasites of trees (Stevens 1987), thus this potential 
protective role adds a new perspective on liana-tree interactions.  Some tropical trees 
often are liana-free by the time they grow to canopy or emergent height (pers. obs.), and 
the results of this study suggest that lightning could contribute to that pattern by killing 
lianas in large, relatively conductive trees.  Ultimately, uncovering such patterns will 
require experimental manipulation of lightning strike locations in a forest, or on accurate 
determination of lightning attachment locations across large areas of the forest canopy. 
 The tendency for lianas to have lower resistivity than trees likely reflects 
differences in moisture content between growth forms.  Like Stamm (1927), we found 




resistivity.  Although the important role of moisture in wood resistivity is well 
established (Carter and Blanchard, al Hagrey 2006, Gora and Yanoviak 2015), no other 
studies have compared moisture-resistivity patterns among growth forms or trees in situ.  
 The model developed in this study also indicates that small trees will suffer more 
damage from a lightning strike than nearby larger trees.  This pattern is supported by 
our observations of more than a dozen recent strikes in the forest on BCI, but post hoc 
assessments of lightning damage in other forests provide mixed evidence for differential 
mortality among tree size classes (Anderson 1964, Magnusson et al. 1996).  These latter 
studies were conducted months or years after the strike, thus counts of dead stems could 
be biased against smaller size classes due to their lower persistence (Magnusson et al. 
1996).  Regardless, accurate field data collected within a few weeks after a strike are 
required to adequately test the relevance of tree size and other characteristics to the 
distribution of damage. 
 The estimates generated in this study show that multi-stroke and CC flashes 
produce more heat than the hypothetical single-stroke flash (Discharge 1) used to 
generate the bulk of the heating and power estimates.  In reality, ca. 80% of flashes have 
multiple (typically 3-5) return strokes, and ca. 40% are CC flashes (Bitzer 2016, Rakov 
and Uman 2003).  Moreover, maximum peak current can be as much as 10 times greater 
than our model lightning discharges (300 kA instead of 30 kA), CC flashes can last up to 
1 second (the modeled CC flash was 115 ms), and some discharges include >25 strokes 
(Uman 2001).  Consequently, extrapolating the model to large spatial or temporal scales 
likely would underestimate the damage.   
 Finally, the results of this study are potentially relevant to understanding future 
forest dynamics.  Specifically, the model indicates that the likelihood of lightning-caused 
death will be higher for tree species with high resistivity, smaller overall size, and 




probability that any given tree will be struck by lightning, and the relative importance of 
lightning as an agent of tree mortality at the population and community levels, which 
remains undetermined for most forests.  However, given the high frequency of lightning 
in the lowland wet tropics, we suspect that its contribution to canopy tree mortality in 
particular is underestimated.  Regardless, resolving this problem is important because 
lightning frequency is expected to increase over the coming decades (Williams 2005, 
Romps et al. 2014). 
 The results of this study raise at least four potentially fruitful avenues for future 
research.  First, the simple conical shapes of the model trees and lianas ignored the 
diverse and often species-specific three-dimensional architecture of their natural 
counterparts.  However, the model could be modified in future studies to more 
realistically account for differences in crown shape and complexity.  Second, the model 
predictions and assumptions could be tested with high voltage experimental discharges 
in the laboratory (Wakasa et al. 2012).  For example, electric current, and thus heating 
and maximum power, could be isolated within smaller subsections of tree tissues and 
this non-uniform distribution of damage could either enable trees to survive lightning or 
increase the likelihood of localized explosive damage (i.e., lighting scars).  Such studies 
would provide insight into the damaging effects of extreme heating and power on living 
plant tissues under a variety of conditions.  Third, fully testing the model will require 
large amounts of data on the real-time distribution of CG lightning flashes, their 
characteristics, and their effects on trees, lianas, and other forest canopy elements.  Such 
data are very difficult to obtain due to limitations in the spatial accuracy of lightning 
detection networks (Mäkelä et al. 2016), but advances in lightning sensing technology 
(Bitzer et al. 2013) suggest that this logistical hurdle soon will be overcome (Yanoviak et 
al. 2017).  Finally, an accurate estimate of lightning-caused death also fundamentally 




this risk-based information into the model would enhance its predictive power and 







Table 11. List of the focal plant species used in this study.  Stems were divided into three groups based on diameter.  Values 
are sample sizes (N) for each diameter class.  All data were independent; i.e., different stems were used for each measurement.  
 Species Family  <3 cm  3-10 cm  >10 cm 
Trees 
(N = 145) 
Dipteryx panamensis Fabaceae 8 7 12 
Jacaranda copaia Bignoniaceae 8 8 20 
Terminalia amazonia Combretaceae 7 8 - 
Luehea seemannii Malvaceae 5 8 - 
Miconia argentea Melastomataceae 8 8 - 
Alseis blackiana Rubiacaea 6 8 19 
Lianas 
(N = 103) 
Clitoria javitensis Fabaceae 7 8 - 
Arrabidaea patellifera Bignoniaceae 6 9 - 
Combretum decandrum Combretaceae 8 8 - 
Connarus panamensis Connaraceae 7 7 - 
Davilla nitida Dilleniaceae 6 9 - 
Hippocratea volubilis Celastraceae 7 8 - 





Table 12. Resistance, maximum power, and heating for 11 different tropical and temperate tree species, and three types of 
lightning flashes (D1, D2, D3 = Discharges 1, 2, and 3 as described in the text).  Maximum power is the same for all three types 
of lightning.  All model trees were 20 m tall with a minimum diameter of 1 cm at their top and a basal diameter of 27.3 cm.  
Resistivity for each tree was calculated using the resistivity-diameter function: ln(p) = mD + b, where p and D are resistivity 








Slope Intercept D1 D2 D3 
Tropical 
Jacaranda copaia 8.29 2.07 1275 1154 18.9 27.6 24.7 
Alseis blackiana 8.66 2.39 2062 1867 30.6 44.7 40.0 
Dipteryx panamensis 8.77 1.87 1284 1163 19.0 27.9 25.0 
Temperate 
Acer rubrum 8.46 2.29 1716 1554 25.4 37.2 33.3 
Acer saccharum 8.17 2.83 2615 2368 38.8 56.7 50.7 
Quercus rubra 8.42 2.63 2359 2136 35.0 51.2 45.8 
Betula alleghaniensis 8.23 2.75 2471 2238 36.6 53.6 48.0 
Pinus virginiana 9.09 2.51 2706 2450 40.1 58.7 52.5 
Pinus resinosa 7.91 3.28 3685 3336 54.6 80.0 71.5 
Pinus strobus 8.66 2.55 2406 2178 35.7 52.2 46.7 







Table 13. Total heating, both as an absolute value and per volume of tissue, and maximum power among different sizes of 
hypothetical Dipteryx panamensis and Alseis blackiana trees.  The minimum diameter at the top of each tree was defined as 
1.0 cm, and maximum diameter was determined using different height:diameter relationships for each species as explained in 
the text. 
Species Height (m) 
Maximum 
diameter (cm) Resistance (kΩ) Volume (m
3) Maximum Power (TW) 
Total heating 
(GJ) 




30 47.4 1525 1.80 1380 22.6 12.5 
25 37.0 1394 0.92 1262 20.7 22.5 
22 31.1 1326 0.58 1200 19.6 34.2 
20 27.3 1284 0.40 1163 19.0 47.0 
18 23.7 1244 0.28 1126 18.4 66.7 
15 18.5 1190 0.14 1077 17.6 124.3 
10 10.6 1114 0.03 1009 16.5 509.7 
Alseis 
blackiana 
30 38.3 2633 1.18 2384 39.0 33.0 
25 29.5 2477 0.59 2243 36.7 62.3 
22 24.6 2396 0.36 2169 35.5 97.8 
20 21.4 2352 0.25 2130 34.9 138.7 
18 18.5 2302 0.17 2085 34.1 200.4 
15 14.2 2251 0.09 2038 33.4 392.1 





Table 14.  The predicted decrease in heating and maximum power experienced by trees with 0, 1, or 3 lianas present (0L, 1L, 
and 3L).  Values are based on a single stroke lightning flash (Discharge 1 in the text).  Lianas divert an equal proportion heat 
and power away from the tree stem, thus the percentages are only presented once.   
Region Species Total heating (GJ) Maximum power (TW) 
Total heating or power 
diverted (%) 
0L 1L 3L 0L 1L 3L 1L 3L 
Tropical 
Jacaranda 
copaia 18.9 9.27 3.63 1154 566 222 51 81 
Alseis blackiana 30.6 10.7 3.23 1867 653 197 65 89 
Dipteryx 
panamensis 19 9.3 3.62 1163 569 222 51 81 
Temperate 
Acer rubrum 25.4 12.6 4.79 1554 771 293 50 81 
Acer saccharum 38.8 14 4.34 2368 854 265 64 89 
Quercus rubra 35 13.7 4.48 2136 836 273 61 87 
Betula 
alleghaniensis 36.6 13.9 4.42 2238 850 270 62 88 
Pinus 
virginiana 40.1 14.1 4.29 2450 862 262 65 89 
Pinus resinosa 54.6 14.6 3.78 3336 892 231 73 93 
Pinus strobus 35.7 13.8 4.46 2178 842 272 61 88 
Tsuga 






Figure 15. The canopy profile of a hypothetical tropical forest composed of Dipteryx 
panamensis (triangular tree crowns) and Alseis blackiana (rectangular tree crowns).  
The gray shade of each model tree and the superimposed number indicate heating 
density (kJ cm-3).  Gray shades span a gradient from "hot" (dark gray) to "cool" (light 
gray), indicating high and low levels of heating during a lightning discharge, respectively.  
Lianas are represented as sinuous structures descending from two of the trees.  Tree 
height and relative trunk diameter are drawn to scale.  Heating density is affected by tree 
species, tree height, tree diameter, and the presence of lianas (see text for details).   
Figure 16. Predicted changes in heating density (filled shapes) and maximum power 
(unfilled shapes) during a lightning discharge vs. the height of hypothetical Dipteryx 
panamensis (squares) and Alseis blackiana (circles) trees. 
Figure 17. Predicted total heating (mean ± SE) of temperate (filled circles, n = 8 species) 
and tropical (unfilled circles, n = 3 species) trees vs. the number of lianas present in 
each.  Predicted maximum power follows the same pattern.   
Figure 18. Electrical resistivity vs. diameter for tree (open circles, dashed line) and liana 
(solid circles, solid line) stems 3-10 cm in diameter.  Note that the x-axis is cube-root 
transformed. 
Figure 19. Electrical resistivity vs. diameter for tree stems > 10 cm in diameter (Alseis 
blackiana = circles, dashed line; Dipteryx panamensis = squares, solid line; and 
Jacaranda copaia = triangles, dotted line).  The x-axis is cube-root transformed. 
Figure 20. Resistivity across a range of diameter (A) and moisture content (B) for the 
same individuals of Alseis blackiana (solid line and open circles) and Arrabidaea 









































SUMMARY AND CONCLUSIONS 
 Dead wood is a major component of carbon cycling, but remains one of the least 
studied aspects of carbon inventories and models (Pan et al. 2011, Palace et al. 2012).  
Across multiple collaborations, I quantified how matter cycles through dead wood with a 
focus on factors that are important to wood production and decomposition.  The results 
of these studies provide a framework for future investigations of woody debris and 
expand the scope of this field to consider vertical gradients within forests and the effects 
of nutrients over long-time frames. 
 I present multiple lines of evidence that elevated, standing, and suspended woody 
debris are important to decomposition and the role wood plays in carbon cycling.  The 
vast majority of wood inputs and approximately half of downed woody debris stocks 
were not in contact with the soil at our study site.  Moreover, I show that slowed 
decomposition in elevated portions of downed woody debris likely cause the longer 
residence times of downed woody debris that is partially elevated (Přívětivý et al. 2016).  
Given the proportion of downed woody debris that is elevated above the soil, it is likely 
that the majority of woody debris is decomposing above the forest floor globally (Palace 
et al. 2012).  This is problematic because the contemporary understanding of 
decomposition is based exclusively on ground-level processes ((Thornton 1998, Liski et 
al. 2005, Weedon et al. 2009, van Geffen et al. 2010, Cornelissen et al. 2012, Bradford et 
al. 2014, Zanne et al. 2015, reviewed by Cornwell et al. 2009).  To begin addressing this 
knowledge gap, I quantified the factors that regulate decomposition along a vertical 




decomposition on the forest floor, whereas abiotic factors were more strongly associated 
with decomposition in higher levels of the forest.  Moreover, we provide evidence that 
saproxylic communities transition with increasing height within the forest from 
primarily fungal decomposers to bacterial decomposers and taxa with alternative 
functions (e.g., nitrogen fixation and photosynthesis).   This information should form the 
foundation for future studies investigating aboveground decomposition and linking these 
processes to carbon cycling.   
 This dissertation also highlights the complex impacts of soil nutrient availability 
on wood decomposition over time.   The vast majority of dead wood mass is stored in 
pieces of coarse woody debris that decompose over long time frames.  However, studies 
of wood decomposition typically focus on small substrates over short time frames.  Using 
a nutrient addition experiment (N, P, and K) nested within a long-term litter 
manipulation experiment, we demonstrated that small increases in soil nutrients did not 
affect long-term decomposition rates of entire trees, but decreased nutrient availability 
caused decreased decomposition with a lagged response (after 6 years). The residence 
time of snags also increased with decreased nutrient availability, suggesting that 
nutrients also influence how matter cycles among pools of woody debris.  This is the first 
test of the effects of exogenous nutrient availability on long-term (> 3 year) 
decomposition and it indicates that longer studies are necessary to understand the long-
term process of carbon cycling through dead wood.  
 The studies described here also quantified aspects of dead wood production and 
inputs with implications for carbon cycling.  The dead wood inventory provided 
estimates that are important to calculations of forest productivity (branchfall; Clark et al. 
2001, Malhi et al. 2011, Cleveland et al. 2015) and previously undescribed components of 




estimates will help parametrize carbon cycling models.  I also used empirical data 
regarding the electrical characteristics of trees and lightning to begin understanding 
species-specific patterns of tree mortality and wood inputs.  These results suggest that 
strong species effects influence lightning-caused tree mortality, as previously indicated 
by various anecdotes (Baker 1973, Taylor 1977).  Further work is needed to apply our 
locally relevant findings to the scale of an entire forest.  Improved models and empirical 
tests of their predictions will improve our understanding of forest dynamics, including 
effects on individuals, populations, communities, and ecosystem processes (reviewed by 
McDowell et al. 2018).   
 Collectively, the studies presented here make major contributions to our 
understanding of decomposition and carbon cycling.  I provide a framework for forest 
inventories that will improve accuracy and precision while reducing biases.  Future 
studies should build on this foundation by investigating long-term processes regulating 
the decomposition of large pieces of woody debris because these are most relevant to 
carbon cycling.  Moreover, the dynamic process of decomposition as wood moves from 
standing, suspended, and elevated positions to the forest floor remains particularly 
poorly understood.  The next step in this research is to link the effects of distinct 
processes above the forest floor to ground-level decomposer community structure and 
decomposition outcomes over long time frames.  The findings presented here and the 
next steps outlined above will dramatically improve our understanding of carbon cycling 
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APPENDIX I – Supplement for Chapter II 
SUPPLEMENTARY METHODS 
PHOTOGRAMMETRY METHODS 
 To test the accuracy and precision of our photogrammetry measurements, we 
performed a pilot study of 48 branches that were measurable by hand.  This method of 
diameter estimation was both accurate (average difference from real diameter = 0.44 
cm) and precise (SD of difference between real and estimated diameters = 0.2 cm) for 
stems >5cm in diameter (F1,46 = 3368, p < 0.001, r2 = 0.99).  The relationship between 
estimated and real diameter was consistent regardless of distance between the camera 
and branch (up to 35m; F1,46 = 2.40, p = 0.13) and across a range of branch diameters (5-
65cm; F1,46 = 1.03, p = 0.32). 
 We used the Law of Cosines to estimate branch length. We measured distance to 
both ends of the branch or branch subsection, and estimated the angle between the two 
measurements using a protractor and plumb line.  We then calculated branch length as 
follows,  
𝐿𝐿𝑏𝑏 = 𝑑𝑑𝑎𝑎2 + 𝑑𝑑𝑏𝑏2 − 2𝑑𝑑𝑎𝑎𝑑𝑑𝑏𝑏 cos𝐶𝐶 
Where Lb is the length of the branch, d is the distance to each end of the branch 
(subscripts a and b denote each measurement), and C is the angle between the distance 
measurements. 
CALCULATIONS OF MASS AND VOLUME 
 We summed squared diameter and cross-sectional area to estimate volume and 
mass of downed woody debris, respectively.  We estimated total volume of downed 
coarse and fine woody debris from transect data assuming circular cross sections, 




Where V is volume of woody debris per area (m3 per m-2), L is the total length of 
transects (m), and Di is diameter (m) of the ith piece of wood encountered ({De Vries,  
#3932}).  We estimated the mass of downed woody debris with individual density 
estimates and used cross-section mass to account for void space and wood heterogeneity,   
 𝑀𝑀 =  𝜋𝜋
2∗𝐿𝐿
∑𝐶𝐶𝑖𝑖 
Where M is mass of woody debris per area (kg m-2), L is the total length of transect (m), 
and Ci is the cross section mass (kg m-1) for the ith piece of wood.  Cross-section mass 
equals mass divided by the length of the sample, or equivalently the product of cross-
section area and dry density (kg m-3) as estimated via disk sampling or penetrometer 




correction (π/2) to account for the orientation of diameter measurements relative to the 
piece of CWD rather than the transect itself.   
EXPONENTIAL DECAY 
We estimated decomposition constants of individual pieces of CWD.  The 
decomposition constant was calculated using an exponential decay model: 






where ki is the decomposition constant of CWD piece i, 𝑐𝑐𝑖𝑖,0 and 𝑐𝑐𝑖𝑖,𝑡𝑡 are its initial and final 
cross-section mass, and t is time elapsed (years).  Cross-section mass was replaced by 
volume, mass, or cross-section area when applicable. 
MINIMUM SAMPLE SIZE CALCULATION 
 We used a simple variance-based equation to calculate the minimum sample size 
needed to estimate a statistic with the desired accuracy and precision: 




Where t is the student’s t statistic at a chosen alpha probability level (0.05 in this study), 
CV is the observed coefficient of variation among samples, and D is the desired proximity 
to the tree mean, as a percent of the true mean (10% in this study).  That is, the result is 
the estimated minimum sample size to estimate the true mean value within 10% 
confidence limits with 95% probability.  We performed this calculation using the mean 
observed CV and as well as using the upper limit and lower limit of the 95% confidence 
interval calculated for the CV.   
BIAS IN ESTIMATING THE PROPORTION OF ELEVATED WD 
 Estimates of the elevated proportion of downed WD differed substantially 
between the two methods used in this study.  These two datasets differed in both the 
parts of the landscape that were sampled and in sampling procedures, and both 
differences could contribute to differences in the estimated proportion elevated.   
In terms of location, the 2017 long transects were conducted on the 50 ha plot 
forest dynamics plot, whereas the 2015 short transects were distributed across all of BCI.  
The 50 ha plot is located on a plateau that is relatively flat and has an unusually high 
amount of human traffic as workers monitor the forest dynamics plot.  The flat 
topography means that few topographical features elevate sections of downed WD 
({Přívětivý, 2016 #3733}).  Additionally, the normal tendency of a careful field technician 
is to step on dead logs to avoid encounters with animals (e.g., venomous snakes), often 
collapses sections of elevated WD (pers. obs., E.M. Gora).  In a relatively well-trafficked 
area such as a forest dynamics plot, this will cause faster-than-normal rates of collapsing 
for sections of elevated WD. For these reasons, the 2017 long transects are likely to 
underestimate the proportion of woody debris that is elevated.   In contrast, the 2015 
short transects were distributed across BCI, covering a topographically more complex 




 The two datasets also differed in sampling procedures.  For the 2017 long 
transects, each piece was scored based on whether it was elevated at the point where it 
encounters the transect.  Thus, these data enable straightforward estimation of the 
proportion of all woody debris mass or volume that is elevated.  In contrast, for the 2015 
short transects, each piece was followed over all connected subunits, and the proportion 
of its total mass that was elevated was assessed.  The mean overall proportion elevated 
was calculated as the weighted mean across pieces encountered, weighting by the mean 
cross-section mass of each piece.  This is a nonstandard sampling procedure and the 
relationship of the resulting estimated mean proportion elevated to the true landscape 
proportion elevated is unclear.  There was no correlation between cross-sectional area 
(the scaling parameter to correct for the size of encountered pieces of WD) and the 
proportion of WD volume that is elevated (t175 = 1.57, p = 0.12).  However, the proportion 
of WD that was elevated was weakly positively correlated with WD piece length (t175 = 
2.86, p = 0.004, R = 0.21), which could contribute to overestimation of the proportion of 
downed WD that is elevated considering that longer pieces are more likely to be 







MASS AND DENSITY MEASUREMENTS 
 Based on destructive sampling, average density of disks extracted from CWD was 
0.271 g cm-3 (SD = 0.171 g cm-3) and penetrometer penetration was predictive of wood 
density (F1,136 = 68.27, p < 0.01, r2 = 0.34; Fig. S7).  Wood density decreased with 
increasing CWD diameter (F1,133 = 15.94, p < 0.001), but this relationship was extremely 
weak (r2 = 0.1).  Consequently, we multiplied volume by average CWD density when 
necessary.  As for CWD pools, standing CWD inputs were substantially denser (mean ± 
SD = 0.350 ± 104 g m-3) than downed CWD inputs (mean ± SD = 0.283 ± 104 g m-3; t = 
9.85, df = 699, p < 0.001), suggesting that standing inputs were less decomposed than 
downed inputs.  This likely explained why the volume of downed CWD was substantially 
larger than standing CWD, but the mass of downed and standing inputs were similar 
(Fig. 3 and S3. 
 We compared mass estimates using average density and CWD-specific 
penetration across 6 years in the 40x40m plots.  The mass estimates differed for 
standing and downed CWD, but the magnitude of this difference was small and the 
direction was inconsistent.  Standing CWD mass was greater when estimated with a 
penetrometer (dAIC = 9.77, X21 = 11.77, p < 0.001), whereas downed CWD mass was 
greater when estimated with average density (dAIC = 7.77, X21 = 9.77, p = 0.002; Table 
S2).  Because penetrometer-based estimates account for real variation in density, we 
reported penetrometer-based mass estimates when they are available and average 
density-based estimates when they were not (Table 1).  Disk-extraction estimates of mass 
were consistent with the other approaches (Table S3). 
DIFFERENCES IN THE SIZE DISTRIBUTION OF CWD 
 CWD inputs are ca. 50% greater than standing CWD inputs, whereas downed 
CWD stocks are nearly 300% greater than standing CWD stocks (Figs. 2, 3, and S3).  
This occurs because standing CWD rapidly transitions into downed CWD, and no pools 
of dead wood transition into standing CWD (Fig. 2).  We compared the size distribution 
of downed and standing CWD inputs to the size distribution of living trees (>20cm DBH) 
by fitting truncated Weibull distributions ({de Lima, 2015 #3853}).  We found that the 
size distribution of standing CWD inputs (Weibull distribution: β = 0.86, η = 172.3) was 
right-skewed with more frequent large inputs relative to the size distribution of downed 




















FIGURE S1. The layout of each 40x40m plot surveyed during the course of this study.  
Dashed lines represent transects for monitoring downed CWD.  Diagonally hashed 
squares represent sub-plots for quantifying suspended WD volume (area = 100 m2), 
whereas the circular cross-hashed area represents the sub-plot for recording standing 
FWD (area = 78.5 m2).  Standing CWD was recorded throughout the entire 40x40m plot 












FIGURE S2. An example of long transects distributed within the 50 ha forest dynamics 
plot.  The dashed lines represent transects from the 2010 long transects surveys.  Surveys 
in 2014 were similar in orientation, but offset by 10m.  The North-to-South transects in 








FIGURE S3. Estimated downed and standing CWD stocks (A) and inputs (B) as mass 
(Mg ha-1) with 95% confidence intervals based on data from the 40x40m dynamics plots 
in individual years (filled symbols) and estimated stocks from the long transects in 2010, 
2014, and 2017 (open symbols).  The shaded regions represent the mean volume (±95% 
CI) of downed CWD and standing CWD as calculated across all years in the dynamics 













FIGURE S4. Histograms of the cross-sectional mass of downed CWD stocks and inputs, 
as well as mass of standing CWD stocks and inputs, across all years of the CWD 
dynamics plot surveys.  Bin size doubles with each increasing increment (0.05 m3, 0.1 
m3, 0.2 m3, etc.; 5 kg m, 10 kg m, 20 kg m, etc).  The histograms only include transects 















FIGURE S5. Histograms of the squared diameter, cross-sectional mass, volume, and 







FIGURE S6. Semivariogram of stocks (filled points) and inputs (hollow points) of 
downed and standing CWD mass and CWD pieces.  Each point represents the mean over 







FIGURE S7. Regression and 95% confidence interval of CWD dry density (kg m3, 
calculated using extracted disks) and penetrometer penetration (mm per hit).  The 







TABLE S1. Estimated residence times (means with 95% CI from individualized residence 
times) of downed and standing CWD under different assumptions regarding the density 
and diameter at the final census of pieces of CWD that fell below the measurement 




at final census 
Assumed diameter 





100% 199 mm 2.10 (1.97, 2.24) 
100% 100 mm 1.03 (0.97, 1.09) 
50% 199 mm 1.38 (1.30, 1.46) 
100% 1 mm 0.23 (0.22, 0.25) 
1% 199 mm 0.47 (0.44, 0.49) 
1% 1 mm 0.16 (0.15, 0.17) 
Standing 
CWD 
100% 199 mm 1.28 (1.19, 1.38) 
100% 100 mm 0.60 (0.56, 0.64) 
50% 199 mm 0.91 (0.85, 0.97) 
100% 1 mm 0.14 (0.13, 0.15) 
1% 199 mm 0.35 (0.33, 0.37) 







TABLE S2. Estimates of downed CWD, standing CWD, standing FWD, suspended CWD, 
and suspended FWD pools based on data from the dynamics plots from 2009 to 2016, 
with 95% confidence intervals from bootstrapping over sampling units, together with 
information on the total number of pieces encountered and the proportion of samples 
without any pieces encountered.  Sampling units are 10-m transect sections for downed 
WD, 10x10 m subplots for standing and suspended WD, and 5m radius plots for standing 















































































































CWD 2015 22 90 
0.23 




FWD 2015 234 42.5 
0.62 

















TABLE S3. The volume and three different mass estimates (penetrometer, average 
density, and extracted disk methods, ±95% CI) of downed CWD and FWD from long 
transects on BCI (20m sub-transects).  Pools of woody debris are separated by their 



















































N/A 5.32 (3.81, 7.26) N/A 
CWD 








(6.99, 11.94) N/A 
2017 
FWD 
(<10cm) 329 71.7 
10.59  
(8.77, 12.68 N/A 
2.87 
(2.38, 3.44) N/A 
CWD 












314 71.2 5.38 (4.61, 6.16) N/A 
1.46 
(1.25, 1.67) N/A 
CWD 













TABLE S4. Annual inputs of downed and standing CWD volume, penetrometer mass, 
and average density-based mass (±95% CI) from the dynamics plots from 2009 to 2016.  
The majority of inputs occurred during the year identified below, but pieces of CWD 
were not surveyed until the first two months of the subsequent year. Input values were 
either calculated as intact inputs using equations for total woody biomass or corrected to 
account for mass and volume lost between the time that woody debris was input and the 


















2009 75 96.3 11.9 (7.7, 17.3) 2.9 (1.8, 4.1) 3.2 (2.1, 4.7) 
2013 95 95.1 13.3 (9.2, 18.4) 4.0 (2.7, 5.3) 3.6 (2.5, 5) 
2014 63 97 15.8 (6.0, 33.4) 3.6 (1.5, 6.7) 4.3 (1.6, 9.1) 
2015 59 96.8 9.7 (5.9, 14.3) 2.9 (1.7, 4.4) 2.6 (1.6, 3.9) 
2016 67 96.6 15.1 (6.9, 28.3) 4.2 (2.0, 8.0) 4.1 (1.9, 7.7) 
All 
years 359 96.4 13.2 (9.8, 17.6) 3.5 (2.6, 4.5) 3.6 (2.7, 4.8) 
Standing, 
Corrected 
2010 46 97.2 6.3 (2.4, 11.4) 2.4 (0.9, 4.2) 1.7 (0.7, 3.1) 
2013 61 96.3 6.1 (3.2, 9.5) 2.2 (1.2, 3.6) 1.6 (0.9, 2.6) 
2014 53 96.7 4.4 (0.6, 11.6) 1.6 (0.2, 4.6) 1.2 (0.1, 3.1) 
2015 56 96.8 5.1 (2.6, 7.9) 1.9 (1, 2.9) 1.4 (0.7, 2.1) 
2016 35 97.9 5.6 (2.2, 10.8) 2.3 (0.9, 4.6) 1.5 (0.6, 2.9) 
All 
years 307 96.3 5.5 (3.7, 7.8) 2.1 (1.5, 2.9) 1.5 (1, 2.1) 
Standing, 
Intact 
2010 46 97.2 11.4 (4.8, 21.2) 4.1 (1.7, 7.6) 3.1 (1.3, 5.7) 
2013 61 96.3 15.2 (6.7, 26.9) 4.9 (2.5, 8.1) 4.1 (1.8, 7.3) 
2014 53 96.7 10.3 (1.6, 22.9) 3.5 (0.5, 8.2) 2.8 (0.4, 6.2) 
2015 56 96.8 8.5 (5.0, 12.7) 3.0 (1.8, 4.4) 2.3 (1.3, 3.4) 
2016 35 97.9 9.3 (4.1, 15.9) 3.5 (1.5, 6.3) 2.5 (1.1, 4.3) 
All 







TABLE S5. The sample size, mass, and volume (±95% CI) of downed WD inputs separated into branchfall and treefall.  Estimates for 
2015 and 2016 were based on inputs of CWD into the dynamics plots, with mass calculated using penetrometer measurements, 
whereas 2017 estimates were based on the volume of WD stocks characterized using long transects.  These are the only datasets that 






























































 (78, 96) 
87 





(5.03, 8.06) N/A 26 
1.68 
(0.94, 2.51) N/A  
21  





(3.76, 6.00) N/A  343 
53.59 
(31.28, 86.48) N/A  
92  





(9.4, 13.16) N/A 369 
55.27 
(33.95, 89.83) N/A 
83 








TABLE S6. The sample size, mass, and volume (±95% CI) of downed CWD treefall inputs separated into branch wood and trunk 
wood.  Estimates from 2015 and 2016 were based on inputs of CWD into the dynamics plots, with mass was calculated using 


































































(0.0, 0.97) N/A 22 
1.26 








(2.13, 5.28) N/A 263 
50.0 








(2.31, 6.06) N/A 285 
51.26  











TABLE S7. The coefficient of variation (CV, with 95% CI) and the overdispersion “size” parameter of the negative binomial 
distribution (±SE).  Scale represents the sampling unit used for each estimate (10 m or 100 m2) and samples without WD denotes the 
percent of 10 m transects or 100 m2 plots without a piece of CWD.  The CV is the percent of the standard deviation over the mean of 











Coefficient of variation Overdispersion 




10m 87.6 550 (450, 660) 600 (470, 770) 0.4 (0.02) 
20m 77.3 390 (320, 470) 430 (320, 550) - 
40m 65.5 320 (260, 390) 350 (270, 440) - 
160m 22.2 160 (130, 200) 180 (160, 190) - 
Inputs 
10m 97.4 1220 (570, 1900) 1370 (550, 2310) 0.11 (0.02) 
20m 95.1 860 (420, 1370) 970 (420, 1600) - 
40m 91.7 680 (300, 1080) 760 (310, 1300) - 




100m2 92.9 1190 (640, 1870) 1210 (600, 1830) 1.1 (0.27) 
200m2 86.8 840 (450, 1350) 860 (430, 1280) - 
400m2 75.6 600 (320, 930) 600 (320, 930) - 
1600m2 32.0 300 (170, 460) 310 (150, 470) - 
Inputs 
100m2 97.0 1550 (870, 2450) 1580 (860, 2580) 0.77 (0.36) 
200m2 94.2 1100 (630, 1800) 1110 (630, 1770) - 
400m2 88.9 770 (420, 1240) 790 (430, 1310) - 






APPENDIX II – Supplement for Chapter III 
TABLE S1. The original diameter at breast height (DBH, mm), density (g cm-3), and 
cross-sectional mass (g m-2, ± standard error) of boles retained in our study compared 
with boles that were excluded.  We compared these values using a mixed effect linear 
model with treatment as a fixed effect and plot as a random grouping factor.  Lowercase 
letters denote similar values of DBH (a or b) and density (x or y), as determined with a 
post-hoc Tukey test.  Many excluded boles were removed because they lacked species 
identification and therefore could not be assigned densities.  Consequently, the sample 
size “N (with density)” is only for the number of excluded boles with known density (and 
thus known cross-sectional mass) within each treatment.  Similarly, the other sample 
size of excluded boles [N (with DBH)] specifies the number of boles within each 
treatment with known diameter-at-breast height. 
 
Trees omitted from this study had smaller DBH (χ21 = 37.08, p < 0.001) and were 
denser (χ21 = 11.30, p < 0.001) than those retained in the dataset.  However, DBH and 
density did not differ among litter treatments (DBH: χ22 = 2.36, p = 0.31; Density: χ22 = 
3.38, p = 0.185).  The cross-sectional mass of boles did not differ (χ21 = 2.64, p = 0.104) 
between groups (i.e., retained or excluded) or among litter treatments (χ22 = 2.74, p = 
0.25).  Furthermore, there were no interactions between the characteristics of boles in 
the litter treatments and whether they were retained or omitted (DBH: χ22 = 3.32, p = 
0.19; Density: χ22 = 0.69, p = 0.71; cross-sectional mass: χ22 = 3.26, p = 0.20), indicating 
that the effects of these omissions were similar across litter treatments
Litter 
treatment 
Boles retained Boles excluded 






















































TABLE S2. The distribution of boles among different classifications of dead wood 
including standing, downed, suspended, and completely decomposed boles.  
Classifications with two components indicate that two separate sections of the tree were 
concurrently classified as different types of CWD. 





Down 23 14 19 
Completely decomposed 31 35 33 
Snag 10 11 27 
Snag/suspended 1 0 3 
Snag/down 2 0 1 
Suspended 0 2 2 








FIGURE S1. Ordination of tree species composition of completely decomposed trees 
(hollow points; n = 14) and dead trees that are still identifiable in 2016 (filled points; n = 
13).  Each point represents either the decomposed or remaining boles of a single plot.  
Panel A depicts NMS axes 1 and 2, whereas panel B depicts NMS axes 1 and 3.  Circles 
represent litter addition treatment plots (n = 9), triangles represent litter removal plots 







APPENDIX III – Supplement for Chapter IV 
RESULTS WITH COMPLETE STATISTICAL ANALYSES 
FUNGAL COMMUNITIES 
 Although fungal diversity was relatively consistent (Table 1), fungal community 
composition differed among most vertical positions (pseudo-F4,35 = 2.82, p < 0.001; Fig. 
1; Table S3).  Community composition in the canopy was similar to both the emergent 
and subcanopy vertical positions (t < 1.29, p < 0.073).  However, fungal composition 
differed among all other vertical positions (t >1.35, p < 0.033) and among individual 
trees (pseudo-F9,35 = 1.16, p = 0.003; Fig. 1, Table 2).  By contrast, fungal sequence 
richness (mean ± SD; 123 ± 30) did not differ among vertical positions (dAIC = 0.65, X24 
= 7.35, p = 0.118; Table 1).  Beta diversity was greater in the litter than the subcanopy, 
canopy, and emergent vertical positions (pseudo-F4,44 = 3.38, p = 0.043; t > 3.07, p < 
0.014), but was similar among all other vertical positions (t < 1.33, p > 0.201).   
 Similar to community composition, vertical positions supported different 
compositions of fungal functional groups (pseudo-F4,35 = 3.38, p = 0.001) but similar 
functional diversity (Table 1).  Functional group composition in the understory was 
similar to the subcanopy and emergent vertical positions (t < 1.32, p > 0.139) and only 
marginally significantly different from the canopy level (t = 1.68, p = 0.034).  Functional 
group composition differed among all other vertical positions (t > 1.67, p < 0.024).  
However, functional group beta diversity (pseudo-F4,44 = 0.98, p = 0.612) and Shannon-
Weiner diversity (dAIC = 0.5, X24 = 8.5, p =0.075) did not differ among vertical positions 
(Table 1).  Unlike community composition, the functional composition of fungal 
communities did not differ among trees (pseudo-F9,35 = 0.93, p = 0.594). 
 Differences in the composition of fungal communities were primarily caused by a 
shift from saprotrophs to biotrophs with increasing height (Tables 2-3).  There were also 
severe differences between the litter and understory vertical positions.  The relative 
abundance of Basidiomycota was greater in the litter than the understory, but 
Ascomycota were relatively more abundant in the understory (Table 2).  Similarly, litter 




soft rot fungi and wood saprotrophs were most abundant in the understory 
(Pleosporales) and subcanopy (Pleosporales and Polyporales; Tables 2-3, Table S3).  
Endophytes, fungal parasites (specifically Tremelles), and plant pathogens were most 
abundant in the canopy and/or emergent vertical positions.  Contrary to my 
expectations, there were no differences in the relative abundance of known lichens 
(Table 3). 
BACTERIAL TAXA AND COMMUNITIES 
 The phylogenetic structure of bacteria indicated differences in the strength of 
environmental and competitive filtering (Fig. 2).  The phylogenetic evenness of bacterial 
communities in the leaf litter was not different from random, but evenness in the litter 
was significantly greater than all other vertical positions (dAIC = 19.2, X24 = 27.2, p < 
0.001; z > 4.1, p < 0.001).  By contrast, phylogenetic structure was similar among 
communities above the forest floor and they exhibited phylogenetic clustering typically 
associated with strong environmental filtering (z = 0.88, p = 0.91).   
 Bacterial community composition was strongly positively correlated with fungal 
community composition (Mantel test: r = 0.74, p < 0.001), and their community 
compositions followed similar patterns among vertical positions (Figs. 1 and 3).  
Specifically, the community composition of bacterial colonizers differed among all 
vertical positions (pseudo-F4,35 = 3.74, p < 0.001; Fig. 3, Table 4).  The magnitude of 
differences among the subcanopy, canopy, and emergent vertical positions (trange = 1.3-
1.39, prange = 0.034-0.046) was substantially smaller than that between the leaf litter and 
understory (t = 1.94, p = 0.001).  Additionally, the two lowest vertical positions differed 
from the three highest vertical positions (t > 1.74, p < 0.005).  Apart from the effects of 
vertical positions, bacterial communities within a single tree were more similar than 
expected at random (pseudo-F9,35 = 1.13, p = 0.004). 
 Bacterial richness generally decreased with increasing height (dAIC = 42.6, X24 = 
50.55, p < 0.001), but diversity did not differ among vertical positions (Table 1).  
Bacterial richness did not differ between the understory and subcanopy (z = 0.98, p = 
0.86) or between the canopy and emergent vertical positions (z = 0.55, p > 0.98).  
Richness was greater in the leaf litter than all higher vertical positions (z > 4.42, p < 
0.001), greater in the understory than the emergent level (z = 3.13, p = 0.015), and 
marginally significantly greater in the understory than in the canopy (z = 2.5, p = 0.09).  




the forest (z > 3.44, p < 0.005).  Bacterial beta diversity, as estimated by dispersion from 
the group centroid, was similar among vertical positions (pseudo-F4,44 = 1.56, p = 0.28). 
 The relative abundance of many orders was greater above the forest floor, 
particularly in the canopy and emergent vertical positions (Table 4; Table S4).  
Actinomycetales and Rhizobiales accounted for ca. 25% of sequences for all aboveground 
vertical positions, but only 13% of sequences in the leaf litter.  Acidobacteriales and two 
orders of primarily phototrophic Cyanobacteria (Chlorophyta and Nostrocales) were 
most abundant at the emergent layer, accounting for an additional 23% of sequences.  
Sphingomonadales composed 22% of canopy-level sequences and 10-14% of sequences 
in the understory, subcanopy, and emergent layers, but only 2.3% of sequences in the 
leaf litter.  The genus Sphingomonas dominated this order, composing 1.2%, 6.7%, 
10.7%, 17.4%, and 10.8% of relative abundance from the litter, understory, subcanopy, 
canopy, and emergent vertical positions, respectively.  The most abundant OTU in this 
study, Sphingomonas wittichii, represented ca. 20% of this genus and 3.2% of all the 
sequences above the forest floor. 
 Individual bacterial orders exhibited lower relative abundance in the leaf litter 
and fewer differences among lower vertical positions.  Of the most abundant orders, only 
Mycoccocales was more common in the leaf litter (8% of sequences) than all other 
vertical positions (Table 4).  Apart from Mycoccocales and Rhizobiales, the three most 
abundant orders of bacteria colonizing wood in the leaf litter (Gemmentales, 
Saprospirales, and Xanthomonadales) were similarly abundant in the understory and/or 
subcanopy (Table 4).  
ARCHAEA 
 Archaea were exceedingly rare in this study.  In total, Iisolated only 41 archaeal 
sequences distributed among Nitrososphaerales (25 sequences) and the candidate orders 
WCHD3-30 (2 sequences) and YLA114 (14 sequences).  Archaea were concentrated on 
wood sticks in the leaf litter (80% of sequences) and, to a lesser degree, the understory 
(10%).  Only 4 sequences were isolated from higher vertical positions, and zero archaeal 





SUPPLEMENTAL FIGURES AND TABLES 
 
 
FIGURE S1. Principle components analysis of the dry season microclimate with sampling 
locations separated by relative vertical position.  Ellipses depict the location of the 
centroid for each level with 95% confidence and the vectors indicate the strength of the 
correlations between each environmental variable and the axes.  The maximum 




TABLE S1. The sampling intensity of all measured variables within each season and year.  Forest floor, understory and 
subcanopy are abbreviated as “For. Floor”, “Under.”, and “Subcan.,” respectively. 
Sample Type Year 
Dry Season Sample Size Wet Season Sample Size 
For. Floor Under. Subcan. Canopy Emergent For. Floor Under. Subcan. Canopy Emergent 
Cellulose 
Decomposition 
2015 5 5 5 5 4 10 10 10 10 10 
2016 9 8 9 7 7 8 9 9 9 5 
Cellulose 
Moisture 
2015 4 5 5 5 4 0 9 10 9 9 
2016 3 8 9 7 7 - - - - - 
Wood 
Decomposition 
2015 5 5 5 4 4 10 10 10 9 9 
2016 9 8 9 8 5 9 9 9 9 4 
Wood 
Moisture 
2015 5 5 5 4 5 10 10 10 9 9 
2016 9 8 9 8 5 - - - - - 
Temp/Light 
(HOBO) 
2015 5 5 5 5 5 10 10 10 10 10 
2016 - - - - - - - - - - 
Prokaryotes 
and Fungi 
2015 - - - - - 10 10 10 9 10 
2016 - - - - - - - - - - 
Respiration 
2015 - - - - - - - - - - 







TABLE S2. The location of each tree, its species, tree diameter at breast height, the orientation of litter bags on that tree, and 
the height of the three upper vertical positions. 
Tree 











Emergent (m) species 
1 9.16145 79.83743 250 104.5 10.5 15.4 19.9 Pseudobombax septenatum 
2 9.16118 79.8371 228 140.5 9.3 16.2 21.9 Pseudobombax septenatum 
3 9.15805 79.83433 208 164 9.3 13.2 19.1 Pseudobombax septenatum 
4 9.15838 79.83408 290 94.2 6.4 12.3 15.3 Pseudobombax septenatum 
5 9.16375 79.84052 238 210.5 6 17.1 26.7 Cavanillesia platanifolia 
6 9.16151 79.83833 122 156.4 6.8 17.5 20.2 Pseudobombax septenatum 
7 9.15719 79.84219 6 96.9 10.9 18 24.7 Pseudobombax septenatum 
8 9.15018 79.83631 302 103.3 7.8 17.4 22.8 Pseudobombax septenatum 
9 9.15023 79.83624 286 77.5 7.7 17 24.3 Pseudobombax septenatum 







TABLE S3. Significant correlations between fungal NMS axes and the 11 most common fungal orders.  The axis components 
are provided as NMS1, NMS2, and NMS3.  The R2 value is proportion to the length of the vector.  Only vectors with significant 
p-values were plotted on Figure 1. 
Functional Group 
Fungal NMS axes 1 and 2 Fungal NMS axes 1 and 3 
NMS1 NMS2 R2 p-value NMS1 NMS3 R2 p-value 
Soft Rot -0.05 1 0.4 <0.001 -0.18 -0.98 0.02 0.70 
White Rot 0.79 -0.62 0.06 0.24 0.8 0.59 0.05 0.29 
Brown Rot 0.56 -0.83 0.02 0.63 0.29 -0.96 0.04 0.34 
General 
Saprotroph -0.97 -0.24 0.05 0.32 -0.34 0.94 0.15 0.02 
Wood Saprotroph -0.14 0.99 0.18 0.01 -0.44 0.9 0.02 0.71 
Litter Saprotroph -0.82 -0.57 0.16 0.02 -0.62 0.79 0.19 0.01 
Soil Saprotroph -0.96 -0.27 0.22 <0.001 -0.79 0.62 0.25 <0.001 
Undefined 
Saprotroph -0.8 -0.6 0.04 0.36 -0.36 0.93 0.1 0.09 
Lichenized -0.91 -0.4 0.05 0.32 -0.52 -0.85 0.08 0.15 
Arbuscular 
Mycorrhizal -0.71 -0.7 0.14 0.03 -0.4 0.92 0.23 <0.001 
Ectomycorrhizal 0.59 -0.81 0.05 0.35 0.78 0.63 0.03 0.51 
Plant Pathogen 0.74 0.67 0.08 0.13 0.35 0.94 0.18 0.01 
Animal Pathogen 0.27 0.96 0.2 0.01 0.78 0.63 0.03 0.48 
Endophyte 0.96 0.28 0.15 0.02 0.46 0.89 0.3 <0.001 
Richness -0.19 0.98 0.29 <0.001 -0.87 -0.49 0.02 0.61 







TABLE S4. Significant correlations between bacterial NMS axes and the 14 most 
common bacterial orders.  The axis components are provided as NMS1 and NMS2, and 
the R2 value is proportion to the length of the vector.  Only vectors with significant p-
values were plotted on Figure 3. 
Abundant Orders NMS1 NMS2 R2 p-value 
Chthoniobacterales 0.67 -0.75 0.2 0.003 
Saprospirales 0.47 -0.88 0.51 0.001 
Acidobacteriales -0.61 0.8 0.7 0.001 
Actinomycetales -0.34 -0.94 0.38 0.001 
Burkholderiales -0.89 0.46 0.17 0.016 
Caulobacterales -0.71 0.7 0.46 0.001 
Chlorophyta -0.35 0.94 0.40 0.001 
Gemmatales 0.95 0.33 0.5 0.001 
Myxococcales 0.98 0.19 0.55 0.001 
Nostocales -0.74 -0.67 0.11 0.056 
Rhizobiales -0.8 -0.61 0.16 0.022 
Rhodospirillales 0.1 1.0 0.23 0.002 
Solirubrobacterales -0.43 -0.91 0.08 0.135 
Sphingomonadales -0.6 -0.8 0.59 0.001 







TABLE S5. Average number of sequences (±SE) in each functional group, along with statistical results of comparisons.  
Superscript letters denote similar abundances.  Idid not run analyses for functional groups with fewer than 100 total 
sequences, with the exception of soil saprotrophs.  Some sequences were categorized into multiple functional groups (e.g., soft 
rot and wood saprotrophs). 
Functional 




White Rot 24.1 (3.7) 10.9 (1.4) 38.4 (7.8) 36 (7.5) 64 (7.6) -5.0 3.0 0.558 
Soft Rot 3.5 (0.4)ab 59.5 (5.1)c 24.8 (4.2)b 9.7 (2.3)ab 1.5 (0.2)a 27.1 35.2 < 0.001 
Brown Rot 0.4 (0.1) 0.2 (0) 3 (0.9) 0.3 (0.1) 0.6 (0.1) - - - 
Saprotrophs 
Wood Saprotroph 32.8 (4.3)ab 86.9 (6.7)a 35.4 (4)ab 14.6 (2.3)b 27.4 (6.4)b 9.3 17.3 0.002 
Litter Saprotroph 20 (3.7)a 0.6 (0.1)b 0.5 (0.1)b 1.4 (0.2)b 0.1 (0)b 14.4 22.4 < 0.001 
Soil Saprotroph 2.4 (0.3)a 0.5 (0.1)b 0.5 (0.1)b 0.8 (0.1)ab 0.1 (0)b 6.6 14.6 0.006 
Dung Saprotroph 0.3 (0.1) 0.1 (0) 0.1 (0) 0.2 (0) 0.2 (0) - - - 
Undefined Saprotroph 338.1 (18.9) 259.1 (7.8) 302 (11.4) 244.9 (12) 
279.3 




Plant Pathogen 47.7 (4.5)a 62.1 (3.8)ab 47.6 (6)a 143.8 (12.8)b 47.1 (3.9)
ab 7.6 15.7 0.004 
Fungal Parasite 3.2 (0.5)a 7.9 (1.1)ab 15.8 (0.9)bc 55.9 (5)c 24.5 (2.7)c 25.6 33.7 < 0.001 
Animal Pathogen 3.9 (0.6)a 69.7 (8)b 39.2 (2.3)b 67.9 (10.4)b 14.5 (1.9)ab 12.6 20.6 < 0.001 
Endophyte 5.5 (0.6)a 35 (4.7)a 20.1 (4.4)ab 90.3 (10.4)
b 23.1 (2.2)ab 14.7 22.7 < 0.001 
Epiphyte 0 (0) 0 (0) 0.3 (0.1) 0 (0) 0.3 (0) - - - 
Arbuscular 
Mycorrhizal 4.2 (0.8) 0.1 (0) 0.2 (0.1) 0.9 (0.3) 0.3 (0) - - - 
Ectomycorrhizal 1 (0.1) 0.2 (0) 0.7 (0.1) 0.3 (0.1) 21.4 (6.6) - - - 




TABLE S6. The PCA axis loadings for the wet season microclimate PCA along with values 
for the vectors fit on these ordinations for visualization.  The PCA loadings for each axis 
are presented together.  The strength of the relationship between each vector and the 
ordination are depicted separately for the plot of PCA axes 1 and 2, and for the plot of 
PCA axes 1 and 3. 
PCA variables 
PCA Loadings PCA Axes 1 and 2 PCA Axes 1 and 3 
PC1 PC2 PC3 R2 P-value R2 P-Value 
Average light 
intensity 1.52 -0.45 0.33 0.87 <0.001 0.84 <0.001 
Maximum light 
intensity 1.27 -0.55 0.8 0.67 <0.001 0.79 <0.001 
Average 
Temperature (˚C) 1.28 0.99 -0.14 0.92 <0.001 0.58 <0.001 
Maximum 
Temperature (˚C) 1.54 -0.09 -0.12 0.83 <0.001 0.83 <0.001 
Minimum 
Temperature (˚C) 0.54 1.53 0.02 0.92 <0.001 0.1 0.071 
Water content  
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